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Abstract
The human shoulder is a complex musculoskeletal system. Knowledge about its kine-
matics and dynamics can help improve associated treatments. However, to date direct
measurements of these quantities can be only granted through invasive investigations or
expensive imaging techniques. Musculoskeletal shoulder models provide useful predictions
of shoulder kinematics and dynamics. Nevertheless, there remain significant gaps between
the model predictions and behaviors of the real system. This thesis aims at extending an
existing shoulder musculoskeletal model for patient-specific clinical applications. To this
end, number of improvements are considered.
The initial model only considered an outstretch arm. Therefore, the elbow and
the muscles spanning it are added in the extended model. To this end, the bone
morphologies of the ulna and the radius and muscles architectures are obtained from MRI
scans. The elbow is modeled using two hinge joints replicating its flexion/extension and
pronation/supination motions.
The model is developed based on anthropometric data of a single subject. Given
anthropometric variabilities among subjects, it cannot predict inter-individual differences.
Therefore, scaling routines are developed to scale the model to a specific subject. The
model’s bone segment inertial properties, skeletal morphologies, and muscles architectures
are scaled according to any specific subject. The effects of anthropometric parameters on
glenohumeral (GH) joint reaction force predictions are evaluated.
Humeral head translations (HHT) play a crucial role in the GH joint functions. Given
that the model is developed based on inverse dynamics, it falls short of predicting the HHT.
Therefore, a framework is developed allowing forward-dynamics simulation of the model
with a six DOF GH joint. A deformable articular contact is included in the framework
defining the GH joint contact force in terms of the joint rotations and translations.
A videogrammetry systems is used for recording upper extremity motions. It measures
trajectories of skin-fixed markers. However, it cannot practically track scapula motions
and the GH joint center. Therefore, a method is developed estimating the GH joint center
and consequently scapula motions. Multi-segment optimization is used to reconstruct the
measured motions in terms of joints angles.
A musculotendon model is a key component for muscle-driven applications of the
model. A Hill-type musculotendon model is developed. However, the initial state of the
Hill-type model is not provided. Therefore, singular perturbation analysis is used to
propose a method providing an initial state for the developed Hill-type model.
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Given that the model is over-actuated, an optimal load-sharing is used to predict
muscle forces. It overlooks antagonistic muscle co-contractions. However, muscle co-
contractions play crucial roles in the GH joint stability. Therefore, the load-sharing is
modified such that measured electromyography (EMG) data can be incorporated. It is
hypothesized that inclusions of the measured EMG can improve model predictions of
muscle co-contractions.
The developed model provides predictions of joints angles, muscles forces, and GH
joint force and translations that are in good agreements with in vivo studies. It could
be populated with pre/post operative patients of total shoulder arthroplasty to answer
clinical questions regarding treatments of GH joint osteoarthritis.
Keywords: Upper extremity musculoskeletal model, scaled-generic model, forward-
dynamics, humeral-head translations, multi-segment optimization, Hill-type musculoten-
don model, EMG-assisted, over-actuated systems
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Résumé
L’épaule humaine est un système musculo-squelettique complexe. La connaissance de
sa cinématique et de sa dynamique peut aider à améliorer les traitements associés.
Cependant, à ce jour, les mesures directes de ces quantités ne peuvent être obtenues
que par des investigations invasives ou des techniques d’imagerie coûteuses. Les modèles
musculo-squelettiques de l’épaule fournissent des prédictions utiles sur la cinématique
et la dynamique de l’épaule. Néanmoins, ils subsistent des écarts significatifs entre les
prévisions du modèle et les comportements du système réel. Cette thèse vise à étendre un
modèle musculo-squelettique existant de l’épaule pour des applications cliniques futures
sur une cohorte de patients. À cet égard, plusieurs améliorations sont considérées.
Le modèle initial ne considére qu’un bras tendu. Par conséquent, le coude et les
muscles qui l’entourent sont ajoutés dans le modèle étendu. À cette fin, les morphologies
osseuses de l’ulna et du radius, et les architectures de muscles sont obtenues à l’aide de
l’IRM. Le coude est modélisé en utilisant deux articulations de charnière reproduisant ses
mouvements de flexion/extension et de pronation/supination.
Le modèle est développé sur la base de données anthropométriques d’un seul sujet. Étant
donné les variabilités anthropométriques entre les sujets, il ne peut prédire les différences
interindividuelles. Par conséquent, des routines de mise à l’échelle sont développées pour
adapter le modèle à un sujet spécifique. Les propriétés inertielles du segment osseux
du modèle, les morphologies squelettiques et les architectures musculaires sont mises à
l’échelle en fonction de tout sujet spécifique. Les effets des paramètres anthropométriques
sur les prédictions de force de réaction articulaire glénohumérale (GH) sont évalués.
Les translations de la tête humérale (TTH) jouent un rôle crucial dans les fonctions de
l’articulation GH (Gluno-Humérale). étant donné que le modèle est développé en fonction
de la dynamique inverse, il ne permet pas de prédire le TTH. Par conséquent, un cadre
est développé permettant la simulation modele dynamique anticipatif du modèle avec une
articulation GH à six DDL (degré de liberté). Un contact articulaire déformable est inclus
dans le cadre définissant la force de contact de l’articulation GH en termes de rotations
et translations articulaires.
Un système de vidéogrammétrie est utilisé pour enregistrer les mouvements des extré-
mités supérieures. Il mesure les trajectoires des marqueurs fixés à la peau. Cependant, il
ne peut pas pratiquement suivre les mouvements de l’omoplate et le centre de l’articula-
tion GH. Donc, une méthode est développée estimant le centre de l’articulation GH et
ensuite les mouvements de l’omoplate. L’optimisation multi-segments est utilisée pour
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reconstruire les mouvements mesurés en termes d’angles d’articulations.
Un modèle musculotendon est un élément clé pour les applications du modèle où
l’aspect moteur du muscle domine. Un modèle musculotendon de type Hill est développé.
Cependant, l’état initial du modèle de type Hill n’est pas fourni. Par conséquent, l’analyse
de perturbation singulière est utilisée pour proposer une méthode fournissant un état
initial pour le modèle de type Hill développé.
Vue que le modèle est suractionné, un partage de charge optimal est utilisé pour prédire
les forces musculaires. Il néglige les co-contractions des muscles antagonistes. Cependant,
les co-contractions musculaires jouent un rôle crucial dans la stabilité de l’articulation GH.
Par conséquent, le partage de charge est modifié de telle sorte que des données mesurées
d’électronographie (EMG) puissent être incorporées. Il est supposé que les inclusions de
l’EMG mesurée peuvent améliorer les prédictions modèles des co-contractions des muscles.
Le modèle développé fournit des prédictions des angles des articulations, des forces
musculaires et de la force et les translations de l’articulation GH qui sont en bon accord avec
les études in vivo. Il pourrait être peuplé de patients pré/post opératoires d’arthroplastie
totale de l’épaule pour répondre aux questions cliniques concernant les traitements de
l’arthrose de l’articulation GH.
Mots-clés : Le modèle musculo-squellettiques des extrémités supérieures, le modèle
générique à l’échelle, le modele dynamique anticipatif, les translations de la tête humérale,
l’optimisation multisegment, le modéle musculotendon type Hill, EMG-assisté, les systèmes
suractionné
x
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1 Introduction
1.1 Research context
Since 1970, the world has grown considerably older by gaining more than 10 years of
life expectancy in overall [1, 2]. This has been achieved by a shift in contributors to
world’s health burden from infectious disease causing premature mortalities to chronic
diseases and injuries such as musculoskeletal disorders [2]. The health burden intensifies
as people become older, and consequently they spend more years living with injuries. The
situation however can be mitigated regarding musculoskeletal disorders, if our techniques
for pathology prevention, treatment, and rehabilitation planning are improved [3]. In
order to achieve the desired improvements, extensive and in depth knowledge of internal
interactions between bones and soft tissues and the role played by each one in acquiring
joints mobility and stability is required [4–6]. Unfortunately, to date this knowledge
cannot be yet granted, except through non-invasive investigations and expensive imaging
techniques [7, 8]. However, musculoskeletal models can alternatively help fill the lack of
knowledge by providing quantitative information [9].
Musculoskeletal models treat the musculoskeletal systems as cable-driven mechanical
mechanisms [10, 11]. I.e. the bone segments are considered as rigid-body links, the muscles
as massless elastic cables wrapping around the bones, and joints as ideal mechanical joints
with different degrees of freedom (DOF). The models are therefore developed based on
the laws and theories of multibody dynamics. Several musculoskeletal models have been
developed for different anatomical sites of human body, including upper extremity [12–19],
lower extremity [20–24], and spine [25–27]. They are established tools and strategies that
provide quantitative information about joints kinematics and kinetics. Therefore, they
play an increasingly crucial role in biomechanics [28–30].
The glenohumeral joint of upper extremity is the most dislocated joint in the human
body [31]. It also has the highest average duration of temporary “total disability to work”
with respect to other joints (37 days vs 26 days on average) [4]. Furthermore, using
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statistical analyses it was shown that the demand for its replacement (total shoulder
arthroplasty) would continue to grow, even comparing to hip and knee arthroplasties
[3, 32]. Therefore, musculoskeletal modeling of the upper extremity is attracting special
attentions since last two decades.
Several musculoskeletal models were developed for the upper extremity. Very simplistic
shoulder specimens in which muscle segments were replaced by threads were among the
introductory attempts to model the upper extremity [33, 34]. Two dimensional models
were next developed [35, 36]. The work by [37, 38] were the first models to represent the
upper extremity as a mechanical mechanism in three dimensional (3D) space. However,
the primary work of [12], known as the Swedish model today, was the first complete
representation of upper extremity that included relative motions of scapula and ribcage
and accounted for muscle paths. Finally, the pioneering work of [39, 40] that was a
continuation of the kinematic model of [41] was the first comprehensive 3D model for
upper extremity. Its development was continued through several studies [13, 42, 43], and
it is now known as the Delft shoulder and elbow model. Other musculoskeletal models
were also developed, including the Garner and Pandy model [14], the Anybody model
[15, 44], the Opensim model [45], the UK National shoulder model [16], the Waterloo
model [46], the Case model [47], the Portuguese model [17], and the models developed in
Swiss Institute of Technologies in Zurich (ETHZ) [18] and in Lausanne (EPFL) [19, 48].
Comprehensive reviews of these models regarding their dynamics and kinematics are
available in [49, 50] and [28, 51], respectively.
These models were extensively used for several applications concerning analysis the
causes of musculoskeletal pathologies [19, 52], increasing performance or enhancing
function specially in sport biomechanics and ergonomics [53–55], implant design [5, 56],
improving rehabilitations planning [57, 58], development of neuroprosthetic systems
[47, 59, 60], injury prevention [61], pre-surgical planning [62, 63], predicting surgical
outcome [6, 64], and improving diagnosis of musculoskeletal disorders [9, 65].
Nevertheless, there remain significant gaps between predictions of musculoskeletal
models of upper extremity and the performance of their respective physiological system
[4, 28–30, 66]. Therefore, their realism must be considerably enhanced, before they can be
considered as routinely exploitable clinical tools. The following section is a summary of the
state-of-the-art of musculoskeletal modeling of the upper extremity. It provides a critique
of the current progress and is organized in terms of 6 categories, including forearm
kinematics (Subsection 1.2.1), subject-specific modeling (Subsection 1.2.2), humeral
head translations (Subsection 1.2.3), upper extremity kinematics (Subsection 1.2.4),
musculotendon dynamics (Subsection 1.2.5), and muscles forces prediction (load-sharing)
(Subsection 1.2.6).
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1.2 State-of-the-art
1.2.1 Forearm kinematics
Successful clinical applications of a musculoskeletal model of upper extremity required the
model to include all major joints and muscles of the upper extremity [4, 28]. Neglecting
a joint or a muscle group could alter its biofidelity and consequently posed limitations on
its clinical applications. Some of the above-mentioned upper extremity models including
the Swedish model [12] and the model that has been developed recently in our laboratory
(EPFL model) [19] only include an outstretched arm. Therefore, these models neglect the
elbow kinematics and consequently the muscle groups spanning the elbow itself and the
shoulder (e.g. biceps and triceps). Nevertheless, the importance of elbow kinematics on
upper extremity kinematics and kinetic was already highlighted [42, 67–69]. Biceps and
triceps were shown to play a crucial role in active stability of glenohumeral joint [70–73].
Given the complex multiple DOF kinematics of forearm, there is no consensus in the
literature concerning its modeling [50, 69]. Its multiple DOFs result in two distinguishable
movements including extension/flexion and pronation/supination. A very simplistic
cardanic joint was used to model the two movements of the forearm [74]. However,
it was not realistic given that contrary to cardanic joints, the axes of rotations of
forearm movements are not perpendicular [75]. Other studies used two non-perpendicular
hinge joints [42, 76–79]. But, they yet considered a single body to represent two bone
segments of the forearm (ulna and radius) and therefore neglected their interplay [80].
The sophisticated interplay of ulna and radius during forearm pronation/supination was
addressed using MRI imaging [81, 82]. More complicated elbow models were developed
considering a closed-kinematic chain [79, 80, 83]. They provided detailed representations
of forearm kinematics, although they required more individualized parameters of the
forearm that could not be readily obtained. They avoided an unrealistic tilt of the wrist
relative to forearm during pronation/supination that often occurred with conventional
two hinge joint models [80, 84].
1.2.2 Subject-specific modeling
A vast majority of the available musculoskeletal models developed for the upper extremity
are generic models. I.e. they were developed based on anthropometric data of a single
subject or cadaver. Therefore, given anthropometric variabilities among subjects [85],
they fall short of predicting inter-individual differences. On the other hand, obtaining
anthropometric data of each understudy subject, for instance using imaging techniques, is
both time-consuming and expensive [85, 86]. Therefore, development of subject-specific
musculoskeletal models in which all the model anthropometric data are personalized for
the specific understudy subject is not yet feasible. Alternatively, scaling techniques are
used that scale a generic model to each understudy subject [42, 87].
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In order to adapt generic upper extremity musculoskeletal models to specific subjects,
several aspects of the models must be scaled. This includes bone segments inertial
properties (BSIP), skeletal morphologies, and muscles architectures and properties [88].
Several studies used predictive equations developed in [89–91] to scale BSIP [16, 42, 92].
These predictive equations were developed based on investigations of large groups of
living subjects and cadavers. However, they require further adjustments to accurately
scale BSIP in 3D coordinate systems. The predictive equations of [93, 94] were recently
adjusted in [95] to provide 3D applicable regression equations to scale BSIP.
Scaling skeletal morphologies of upper extremity models are more challenging [96].
Isotropic scaling factors that equally scale the skeletal morphology in 3D were used [16,
42, 97]. However, this implied an unrealistic uniform scaling between different individuals
[89], and furthermore they can lead to uncontinuous kinematics [97]. Anisotropic scaling
factors provided more realistic scaling [98, 99]. However, they can cause non-anatomical
configurations of bone segments that consequently result in infeasible kinematic solutions.
This is mainly due to relative movements of scapula with respect to ribcage that make
the upper extremity a closed kinematic chain [100]. Isotropic scaling factors were defined
by comparing subjects’ arm length to the arm length of a generic model [42]. Anisotropic
scaling factors were used to scale ribcage, clavicle, and scapula while a soft constraint
was used for constraining scapula motions relative to ribcage [98]. However, the choice of
weighting factors for the soft constraints was not straightforward, and non-anatomical
configurations of scapula relative to ribcage could be reached. A more advanced scaling for
skeletal morphology was used in [92]. It was based on anisotropic scaling factors together
with an optimal scaling of an ellipsoid approximating ribcage. On the other hand, effects
of glenoid inclination and version on model force predictions and joint translations were
already highlighted [64, 101, 102]. However, their adaptations to each understudy subject
were not addressed in upper extremity musculoskeletal models.
Scaling muscles architectures and properties includes defining scaling factors for their
origins/insertions, wrapping objects, muscles physiological cross section areas (PCSA),
and other musculotendon parameters [103].
Three different approaches were used to scale muscles origins/insertions, including linear
bone mapping [104, 105], anisotropic bone morphing [106–108], and statistical bone
morphing [109, 110]. Linear mappings were introduced based on positions of few bony
landmarks [104, 105]. They approximated muscles origins/insertions for a specific subject
by rotating their corresponding origins/insertions from a generic model. However, their
approximation could be considerably improved by considering not only rotations but
also translations, scaling, and bone deformation in the mappings. This was achieved by
development of anisotropic bone morphings [106–108]. However, they required complete
bone morphologies of each understudy subject that could be obtained only by imaging
techniques. Statistical bone morphing methods were developed based on investigating
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statistical shape variations of bone morphologies [109, 110]. They also required at least
part of the bone morphologies from each understudy subject.
Scaling of wrapping objects were not found at least explicitly in any of the aforementioned
available musculoskeletal models of upper extremity. However, the path taken by muscles
defined by their wrapping objects and origins/insertions can considerably alter their
moment arms and therefore model predictions [111, 112].
The total muscle bulk of upper extremity obtained from MRI scans of each subject was
used to define a scaling ratio for PCSA scaling [113, 114]. However, the dependency on
MRI scan might affect its practical use. Another PCSA scaling ratio was defined by
comparing the BMI (body mass index [115]) of an understudy subject to that of a generic
model [42]. However, direct association of BMI with total muscle bulk and therefore
PCSA was arguable [116]. A predictive equation based on BMI was introduced in [117]
that defined fat/muscle percentage of body composition. Scaling of other musculotendon
parameters were addressed by using isotropic scaling factors [118].
1.2.3 Humeral head translations
A vast majority of the aforementioned upper extremity models were developed based on
inverse dynamics, e.g. [12–16, 19, 39, 44–47]. In inverse dynamics the muscle forces are
defined for a given (measured) joints kinematics. However, with the available measurement
techniques, it is not straightforward to measure the translational DOF of the GH joint [8].
Therefore, it is often approximated as an ideal ball-and-socket joint in the musculoskeletal
models, neglecting its translations [119]. Nonetheless, the GH joint translations has a key
impact on the GH joint function, specially its stability mechanism [28, 120]. Furthermore,
predictions of the GH joint translations, the contact pressure, and the contact areas are
required in designing shoulder prostheses [121, 122].
Indeed, few studies have investigated the humeral head translations (HHT) using
biomechanical models. To this end, they tailored either available musculoskeletal models
[122, 123] or developed finite element models [119, 121, 124, 125]. Other studies mainly
used cadaveric [126, 127] or clinical [8, 128–133] approaches to address the GH joint
translations. However, there are limitations associated to each of these studies.
The Anybody shoulder model [44] was tailored using the force dependent kinematic
method, introduced in [134], to address the HHT after total shoulder arthroplasty (TSA)
[122]. The dynamic effects of motion were neglected although their influence on the HHT
has been already highlighted [128]. The Portuguese shoulder model [17] was adapted
in [123] to address the HHT using a novel inverse-dynamics framework. The HHT was
considered as an extra design variable in an optimization scheme within this framework.
Despite [122], the dynamic effects of motion were partially considered. However, the
articular contact was approximated by an elastic potential function. This deviates from
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the nonlinear and viscoelastic behavior of the cartilage [135] and does not account for
the moment applied on the humerus due to the articular contact. The different 3D finite
element models developed in [119, 121, 124, 125] share the same attributes. They include
more realistic estimation for the articular contact although they were simulated under a
sequence of static conditions, neglecting the dynamics of motion. Furthermore, they all
lack a physiological muscle force load-sharing. The 3D finite element model developed in
[119] was used in [120, 136, 137] to further study the HHT after the TSA.
The in vivo or in vitro measurement of the HHT remains a challenging task [8]. Specifically,
in vitro studies cannot accurately simulate the in vivo conditions in terms of the muscle
and joint contact forces. The in vivo studies are also either limited to 2 dimensional
analysis [128, 129] or otherwise their accuracy is limited by the 3D reconstruction of
the bones [8, 132, 133]. Furthermore, they are not developed to assess the GH joint
translations during dynamic activities [130, 131].
1.2.4 Upper extremity kinematics
Pathologies of upper extremity are correlated to its kinematic dysfunctions [138, 139].
Therefore, accurate estimations of upper extremity kinematics are essential for clinical
applications. Furthermore, inaccurate estimations of upper extremity kinematics can
alter the kinetic estimations obtained using biomechanical models [49].
Videogrammetry systems are extensively used for noninvasive measurements of upper
extremity kinematics [91]. They track the trajectories of skin-fixed palpated markers.
These markers are placed on the bony landmarks used to define the spatial configuration
of each bone segment in a kinematic model. The markers trajectories are subject to
relative movements of the skin with respect to their underlying bony landmarks (soft tissue
artifacts) [140]. For instance, up to 48% of the humeral axial rotation was shown to be
influenced by soft tissue artifacts [141]. Therefore, a so-called multi-segment optimization
is used to exclude the effects of soft tissue artifacts [74, 142]. It reconstructs a measured
motion by minimizing a cost function, while taking into account the interactions between
different upper extremity bone segments [50]. The cost is defined as the overall Euclidean
distance between all the measured markers and the model defined landmarks. Therefore,
evaluations of the cost require a one-to-one association between the bony landmarks in
the kinematic model and the palpated skin-fixed markers. However, it is not possible
to palpate all the bony landmarks required in the kinematic model. Glenohumeral joint
center (GH) is one such landmark, given that it is not a physical landmark. More
specifically, GH is the center of a sphere that approximates the humeral head [143].
Several methods have been developed to estimate the GH positions during upper
extremity movements. They can be broadly divided into two categories, namely formal
methods [144–149] and predictive methods [150–153]. The formal methods estimate the
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GH positions by finding either the closet point to all the instantaneous helical axes of
humerus [144–147] or the center of a sphere passing through humerus markers [148, 149].
The predictive methods provide estimations of GH positions either through regressive
equations between scapula markers and GH positions [150–152] or generic offsets from
one of scapula markers [152, 153]. The formal methods provide more accurate estimations
of GH positions and are therefore preferred over predictive methods whose accuracy drops
significantly during dynamic motions [147, 152]. Furthermore, given that the predictive
methods developed based on anthropometry studies, they fall short of replicating inter-
individual differences [152]. However, the main limitation of the formal methods is that
they require measuring scapula kinematics. A majority of the predictive methods also
require scapula kinematic measurements, otherwise their estimations are impractical (±5
cm error) [153].
Noninvasive measurements of scapula kinematics on the other hand are not yet
straightforward [154]. Given that the scapula is heavily masked by soft tissues, it
cannot be adequately tracked by its skin-fixed markers [155]. More specifically, soft
tissue artifacts can reach up to 8.7 cm on scapula [156]. However, there are alternative
methods to measure scapula kinematics. An intracortical bone-fixed pin drilled into
scapula was introduced [157], although it was invasive and compromised the motion by
causing pain. Regressive equations were also introduced providing estimations of scapula
kinematics based on thoracohumeral joint angles [45, 46, 158–161]. However, information
of thoracohumeral joint angles required a priori knowledge of GH positions. Furthermore,
their accuracy was limited to small range of motions. Manual palpation of the scapula
surface and application of a so-called scapula locator fixture were proposed in [162, 163]
and [164, 165], respectively. However, they are neither time efficient nor practical during
dynamic motions [166]. A marker tree including three markers was fixed to the acromion
to track scapula [167]. However, this so-called acromion marker cluster tended to move
medially with skin during abduction [168] and was very sensitive to its initial placement
[169].
1.2.5 Musculotendon dynamics
Musculotendons are the interface between the central nervous system (CNS) and the
articulated skeletal system. They transform neural excitation received from the CNS to
forces that are applied to the skeletal system in order to perform a motor task. Therefore,
a musculotendon model that can reproduce musculotendon forces for given musculotendon
properties is a key component in simulations of coordinated movements [170, 171].
There exist several musculotendon models that can be broadly divided into two
categories based on their development approaches, including (1) Huxley-based [172–174]
and (2) Hill-type [170, 175–178] models. The former is developed based on a reductionist
approach that takes into account physiological microscopic properties of tissues. It
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provides a distributed-parameter model of musculotendon using either a single partial
differential equation (PDE) [172, 173] or a set of ordinary differential equations (ODE)
[174]. In contrast, Hill-type models are developed based on a black-box description of
input-output behaviors of musculotendon and its phenomenological properties. It results
in a lumped-parameter model represented as a single ODE [170, 178].
The type of the model utilized depends on the goal of the simulation [171]. Given that
several musculotendons are typically involved in simulations of coordinated movements [43],
applications of Huxley-based models immediately become computationally demanding.
Furthermore, they require several number of musculotendon parameters that are not
straightforward to identify [179]. Therefore, the use of Hill-type models in simulations
associated with coordinated movements are justified [170, 171].
The resulting ODE from a Hill-type model typically associates the muscle fiber
velocity to a function of muscle fiber length, musculotendon length, and neural excitation
[170, 175]. However, the initial state (muscle fiber length at the initial time) required
to solve this ODE is not granted by the model. The procedure of estimation an initial
state corresponding to a given musculotendon length and neural excitation for a Hill-type
model is called initialization [171, 180]. Although, Hill-type models were extensively used
in simulations of coordinated movements [21, 43], a limited effort was made regarding
their initialization techniques. Nevertheless, forces reproduced by a Hill-type model
can be considerably disturbed by the initialization, specially their transient behaviors
[171, 181–183].
There are indeed few studies who investigated initialization techniques for Hill-type
models. Musculotendon velocity was acquired and apportioned between the muscle fiber
and tendon according to their linearized compliances [180, 184]. An initial state was
then estimated by using the resulted muscle fiber velocity in the kinematic model of the
musculotendon. However, the initialization was subject to singularities of the relative
stiffness of muscle fiber and tendon. Furthermore, the estimated initial state might lack
biophysical correspondence.
1.2.6 Load-sharing
While noninvasive measurement of muscle forces remains an elusive goal [185], muscu-
loskeletal models provide predictions of muscle and joint forces. In available muscu-
loskeletal models net joint moments are calculated for a given joint kinematics through
inverse dynamics [14, 22, 100]. There are more muscles available than the degrees of
freedom of the joints (over-actuation). Therefore, a standard load-sharing (SLS) scheme
is commonly casted for optimal distribution of the net joint moments among muscles
[52, 186]. The SLS predicts muscle forces by optimizing an efficiency-based physiological
cost function subject to constraints. The constraints are associated with the net moment
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equilibrium, muscle forces upper/lower bounds, and joints stability [39]. However, given
that antagonistic muscles are counterproductive in the net joint moments, SLS overlooks
muscle co-contractions [26, 187–189] and consequently underestimates joint contact forces
[43, 190, 191]. Nonetheless, model predictions of muscle and joint forces can be improved
by considering muscle co-contractions, especially in upper extremity joints where stability
is mainly achieved through muscle co-contractions [67, 192, 193].
For upper extremity, few studies investigated numerical approaches to improve muscle
force predictions by accounting for co-contractions. They enforced co-contractions either
by tailoring the optimization scheme of SLS [39, 194, 195] or by explicit use of measured
EMG data [43, 188, 196–198]. However, there were limitations associated to each of these
studies.
Co-contraction was promoted by introducing shift parameters [194] and negative weight-
ing factors [195]. They were used to alleviate the SLS cost function growth due to
antagonistic muscles activities (co-contractions). The choice of shift parameters and
weighting factors required a priori knowledge of antagonistic muscles. However, this was
not straightforward to achieve, given the three dimensional multi-joint morphology of
upper extremity. Furthermore, in upper extremity, muscles could act simultaneously as
agonistic and antagonistic throughout the motion. A stability constraint was introduced
for glenohumeral joint [39] and commonly used in upper extremity musculoskeletal models
[14, 100]. It constrained SLS solutions such that resulted glenohumeral joint reaction
forces (JRF) always point towards the glenoid fossa. Co-contractions were therefore
enforced by compromising the SLS optimal solution. However, the model underestimated
the co-contractions [43].
Explicit use of measured EMG data in models did not require further information of
antagonistic muscles. It could therefore provide rather straightforward predictions of
muscle co-contractions [43, 188, 196–198]. However, the relationship between predicted
muscle forces and measured EMG data was over-simplified [188, 196–198]. This deviated
from the nonlinear dynamical behavior of the musculotendon actuator [170]. Furthermore,
the resulted moment produced by direct applications of measured EMG failed to satisfy
the net moment equilibrium [188, 196, 197]. Therefore, the predicted co-contractions
might lack a physiological correspondence. Several combinations of measured EMG data
were used in [43] to predict a joint reaction force closer to experimental results of [199].
However, the model did not allow inclusion of all the 14 measured EMG data and only a
subset of them (4 muscles) were used.
1.3 Contributions
This thesis aims at extending an existing shoulder musculoskeletal model (EPFL shoulder
model [19]) for patient-specific clinical applications. To this end, number of improvements
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are considered as follows.
• The full kinematics of the forearm including 2 DOFs for flexion/extension and
pronation/supination are incorporated into the model. The forearm is modeled
using two non-perpendicular hinge representing the humeroulnar and radioulnar
distal/proximal joints. Both ulna and radius are considered as distinguished bone
segments. Eight muscle groups, that were previously neglected, are added.
• Subject-specific attributes are considered to adapt different generic properties of
the model to those of an understudy subject through scaling. BSIP is scaled
by 3D regression equations of [95]. A method is developed for scaling skeletal
morphologies of the model based on subject’s height and shoulder width. Muscles
origins/insertions as well as their wrapping objects are also scaled accordingly. The
regression equation of [117] is used to scale muscles PCSAs according to body muscle
percentage. The glenoid inclination and version are also included in the model.
Furthermore, in order to facilitate clinical applications of the model a graphical user
interface (GUI) is also developed exempting users from cumbersome programming.
• A framework that allows forward-dynamics simulation of the model including a 6
DOF GH joint is developed. It provides a straightforward solution to the HHT
problem. We show that even within a forward-dynamics simulation addressing the
HHT requires further information about the contact. To that end, a deformable
articular contact is included in the framework defining the GH joint contact force
in terms of the joint kinematics.
• Videogrammetry based measured motions of the upper extremity in the absence of
scapula kinematics measurement-devices are reconstructed. To this end, a method
is proposed to first estimate the GH positions independent of the scapula kinematics.
It requires trajectories of few palpated markers and an MRI scan of the glenohumeral
joint from the understudy subject. Scapula kinematics are then defined from the
provided estimations of the GH positions.
• An initialization technique for a Hill-type model that avoids artificial transient
behaviors is developed. To this end, it is shown that the contraction dynamics of a
Hill-type model is a singular perturbed system. The singular perturbation analysis
is therefore applied on the system in order to define an approximation of its central
solution. The initial value of the approximated central solution is then used as an
initial state for the contraction dynamics.
• Muscle co-contractions are promoted in the model by incorporating measured EMG
data into the model. To this end, an EMG-assisted load-sharing (EALS) scheme is
developed. Muscle forces associated with measured EMG of 15 superficial muscles
are calculated and fed into the model. The EMG-based estimated muscle forces are
used as upper/lower bounds on feasible solutions of the EALS.
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1.4 Thesis organization
The reminder of the thesis is organized as follow. Chapter 2 presents our approach in
adding subject-specific attributes to the model. It also details the incorporation of the
forearm in the model and development of its GUI. Chapter 3 explains a framework for
addressing humeral head translations within upper-extremity musculoskeletal models.
A non-invasive approach for reconstructing scapula kinematics and consequently upper
extremity kinematics is developed in Chapter 4. Musculotendon dynamics in general
and a specific approach for their initializations are the subject of Chapter 5. Finally,
in Chapter 6, different pieces developed in the previous chapters are placed together to
provide an EMG-assisted Load-sharing scheme for addressing muscle co-contractions.
Chapter 7 provides a summary/conclusion of the work and suggests recommendations for
future improvements in upper-extremity musculoskeletal modeling. A summary of these
improvements and developments is presented using a block digram representation (Fig.
1.1).
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Abstract
There still remains a barrier ahead of widespread clinical applications of upper extremity
musculoskeletal models. This study is a step toward lifting this barrier for a shoulder
musculoskeletal model by enhancing its realism and facilitating its applications. To this
end, two main improvements are considered. First, the elbow and the muscle groups
spanning it are included in the shoulder model. Second, scaling routines are developed
that scale model’s bone segment inertial properties, skeletal morphologies, and muscles
architectures according to a specific subject. The model is also presented as a Matlab
toolbox with a graphical user interface to exempt its users from further programming.
We evaluated effects of anthropometric parameters, including subject’s gender, height,
weight, glenoid inclination, and degenerations of rotator cuff muscles on the glenohumeral
joint reaction force (JRF) predictions. An arm abduction motion in the scapula plane
is simulated while each of the parameters is independently varied. The results indeed
illustrate the effect of anthropometric parameters and provide JRF predictions with less
than 13% difference comparing to in vivo studies.
2.1 Introduction
2.1.1 Motivation
There exist several musculoskeletal models for the human upper extremity, e.g. [12–
19, 46, 47]. They provide useful predictions of the joint and muscle forces that cannot be
measured non-invasively [28].
In a musculoskeletal model of the upper extremity any major joints or muscles should
not be neglected [4, 28]. Otherwise, its clinical applications will be limited. Some of
the above-mentioned upper extremity models [12, 19] only include an outstretched arm.
Therefore, the elbow and the muscle groups spanning the elbow and the shoulder (biceps
and triceps) were neglected. Several studies highlighted the importance of the elbow on
upper extremity kinematics and kinetics, e.g. [42, 69]. Biceps and triceps were also shown
to play a crucial role in the stability of the glenohumeral joint [67, 73].
On the other hand, a vast majority of these models were developed based on anthro-
pometric data of a single subject. Therefore, they are called generic models. Given
anthropometric variabilities among subjects, they cannot predict inter-individual differ-
ences [85]. It is not yet straightforward to personalize all the anthropometric data used
in a model to any subject. Obtaining these data is both time-consuming and expensive
[85, 86]. Alternatively, scaling techniques are used that scale a generic model to a specific
subject (scaled-generic modeling) [42, 87].
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2.1.2 State-of-the-art
Given the complex multiple degrees of freedom (DOF) kinematics of the elbow, there is
no consensus in the literature concerning its modeling [50, 69]. Its multiple DOF result
in two distinguished movements, including extension/flexion and pronation/supination.
A very simplistic cardanic joint was used to model the two movements of the elbow [74].
But, it was not realistic, given that contrary to cardanic joints, the rotation axes of
the elbow are not perpendicular [75]. Other studies used two non-perpendicular hinge
joints [42, 76–79]. They yet considered a single body to represent two bone segments
of the forearm (ulna and radius) and neglected their interplay [80]. The sophisticated
interplay of the ulna and the radius during forearm pronation/supination was studied
using MRI imaging [81, 82]. More complicated elbow models were developed considering
a closed-kinematic chain [79, 80, 83]. They provided detailed representations of the elbow
kinematics. But, they required more individualized parameters that could not be readily
obtained.
Several aspects of an upper extremity model must be scaled, in order to adapt it
to a specific subject. This includes bone segments inertial properties (BSIP), skeletal
morphologies, and muscles architectures [88].
Scaling BSIP: Predictive equations for BSIP were developed by investigating the
BSIP of large groups of living subjects and cadavers [89–91]. They were commonly used
to scale BSIP in upper extremity models [16, 42, 92]. However, they require further
adjustments to accurately scale BSIP in the three dimensional (3D) space. The predictive
equations of [93, 94] were adjusted by [95] to provide 3D applicable predictive equations
to scale BSIP.
Scaling skeletal morphologies: This includes scaling the positions of all bony
landmarks based on which a generic model is developed. Isotropic scaling factors equally
scaled the skeletal morphologies of a generic model in 3D [16, 42, 97]. However, this
implied an unrealistic uniform scaling between different individuals [89] and could also
lead to discontinuous kinematics [97]. Anisotropic scaling factors provided more realistic
scaling [98, 99]. But, they could cause non-anatomical configurations of the scapula
relative to ribcage [96]. This was improved by relaxing a kinematic constraint used to
force the scapula medial boarder to glide over the ribcage [98]. However, the scapula
motions could be compromised. A more advanced scaling based on an optimal scaling of
the ribcage was introduced in [92].
Several studies reported the effects of glenoid inclination/version on model force predictions
and joint translations [64, 101, 193, 200]. However, the available models do not allow
adapting them to an understudy subject.
Scaling muscles architectures: This includes scaling muscle origins/insertions,
wrapping objects, and musculotendon parameters such as physiological cross section areas
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(PCSA) [103].
Muscle origins/insertion: Three different approaches were used to scale muscles origins/in-
sertions, namely linear bone mapping [104, 105], anisotropic bone morphing [106–108],
and statistical bone morphing [109, 110]. A linear bone mapping was defined using the
positions of few bony landmarks on a specific subject [104, 105]. The resulting mapping
was used to approximate the muscle origins/insertions by rotating their corresponding
origins/insertions from a generic model. This was considerably improved by considering
not only rotations but also displacements and bone deformations in anisotropic bone
morphing methods [106–108]. But, they required complete bone morphologies of each
subject that could be obtained only by expensive imaging techniques. Statistical bone
morphing methods were developed by investigating statistical shape variations of bones
[109, 110]. They also required at least part of the bone morphologies from each subject.
Muscle wrapping objects: The paths taken by muscles are not always a straight line from
their origins to their insertions. They instead wrap around their underlying bones and
soft tissues that are approximated by wrapping objects. Scaling the wrapping objects
was not addressed at least explicitly in the literature. However, they can considerably
alter muscle moment arms and model force predictions [111, 112].
Musculotendon parameters: PCSA was scaled by comparing the total muscle bulk of a
subject to that of a generic model [113, 114]. However, an MRI scan was required that
might affect the practical use of this method. The body mass index (BMI) [115] was also
used to scale PCSA [42]. But, direct association of the BMI to PCSA was arguable [116].
A predictive equation based on the BMI was introduced in [117] that defined muscle
percentage of the body composition. Scaling of other musculotendon parameters such as
tendon length were addressed by using isotropic scaling factors [118].
2.1.3 Research method
Therefore, the aim of this study is to develop a scaled-generic musculoskeletal model of
the shoulder and the elbow. The model is used to evaluate the effects of subject’s gender,
height, weight, glenoid inclination, and rotator cuff (RC) PCSAs on the JRF. To this end,
the elbow is included into our previously developed shoulder model [19]. Scaling routines
are developed to scale model’s BSIP, skeletal morphologies, and muscles architectures
according to a subject’s gender, height, weight. It also allows adapting the model’s glenoid
inclination/version. An abduction motion in the scapula plane is simulated. The results
are presented in terms of the JRF predictions along the arm abduction angle. Also, the
model is developed as a Matlab toolbox with a graphical user interface (GUI) to facilitate
its clinical applications.
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2.2 Methods
A kinematic model of the elbow is developed (Section 2.2.1). Build on the resulting
kinematic model, a dynamic model of the elbow is derived (Section 2.2.2). The dynamic
model of the elbow together with fourteen muscles spanning the elbow are integrated into
the shoulder model (Section 2.2.3). Our approaches in scaling the developed shoulder
and elbow model are detailed (Section 2.2.4). The shoulder and elbow Matlab toolbox is
also introduced (Section 2.2.5). Finally, a parameter study is performed to evaluate the
model (Section 2.2.6).
2.2.1 Elbow kinematics
The kinematic development of our shoulder model including the thorax, the clavicle, the
scapula, and an outstretched arm has been described in [19, 100]. It was developed from
MRI scans of the right shoulder of a healthy male subject (29 years, 186 cm, and 85.5
kg). It had seven DOF attributing to three ball-and-socket joints and two holonomic
constraints. The joints were associated to the sternoclavicular, the acromioclavicular,
and the glenohumeral (GH) joints. The constraints were considered for restricting the
scapula to always glide on the ribcage. Here we focus on extending the kinematic model
to incorporate the elbow.
Surface boundaries of the forearm bones are obtained from MRI scans of the same
subject (Fig. 2.1a). The ulna and the radius are considered as two segments. The
hand is assumed to be rigidly tied to the radius by neglecting the carpal joint. Two
DOFs are considered attributing to two non-perpendicular hinge joints. The two hinge
joints replicate the kinematics of four anatomical joints, including the humeroulnar, the
radioulnar proximal/distal, and the humeroradial joints. They allow simulating forearm
flexion/extension and pronation/supination. Three non-collinear bony landmarks are
required to uniquely define the spatial configuration of each bone segment in the 3D
space [11]. Only one landmark can be discerned on each one of the ulna and the radius,
i.e. the ulnar styloid process (US) and the radial styloid process (RS), respectively (Fig.
2.1b). Therefore, three bony landmarks on the humerus are borrowed, including the
lateral epicondyle (EL) and the medial epicondyle (EM) and their middle point (HU).
Two bone-fixed frames are defined for the ulna and the radius using these landmarks as
follows:
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• Ulna bone-fixed frame: {Ou, xˆu, yˆu, zˆu}
Ou ≡ tHU
xˆu = tEL− tHU =⇒ xˆu = xˆu/|xˆu|
yˆu = (tUS − tEL)× (tEM − tEL), =⇒ yˆu = yˆu/|yˆu|
zˆu = xˆu × yˆu
t
uR = [xˆu yˆu zˆu]
(2.1)
• Radius bone-fixed frame: {Or, xˆr, yˆr, zˆr}
Or ≡ tEL
zˆr = tEL− tUS =⇒ zˆr = zˆr/|zˆr|
yˆr = (tEL− tRS)× (tRS − tUS), =⇒ yˆr = yˆr/|yˆr|
xˆr = yˆr × zˆr
t
rR = [xˆr yˆr zˆr]
(2.2)
Where, the symbol × denotes the cross product of vectors, and Ou and Or are the origins
of the ulna and the radius frames, respectively. The left hand side subscript t specifies that
the landmarks are expressed in the thorax (inertial) frame, and tuR and trR are also the
rotation matrices from the ulna and the radius frames to the thorax frame, respectively.
The joint coordinates are considered to be aligned with the bone-fixed frames (Fig.
2.1b). Two generalized coordinates (q10 and q11) are used to uniquely define each joint
configuration. More specifically, q10 and q11 represent the elbow flexion/extension and
pronation/supination, respectively. The rotation matrices in terms of the generalized
coordinates can be obtained as Eq. 2.3.
t
uR =
t
hR
h
uRf Rxˆu(q10)
t
rR =
t
uR
u
rRf Rzˆr(q11)
(2.3)
Where, thR is the rotation matrix from the humerus frame to thorax frame. The rotation
matrices huRf and urRf are used to align the ulna and the radius frames to their proximal
bone frames. Once they are defined for any configuration of the ulna and the radius,
they remain unchanged. They are obtained as huRf = thRf
T t
uRf and urRf = tuRf
T t
rRf ,
where the right-hand side rotation matrices are defined using Eq. 2.1 and Eq. 2.2 for
an arbitrary configuration of the shoulder and the elbow. The rotation matrices for
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Figure 2.1: Modeling the elbow kinematics. (a) MRI scans of the forearm from the same subject
are used to define the surface boundaries of the ulna and the radius. The hand is assumed to
be rigidly tied to the radius. The elbow consists of 4 anatomical joints including humeroulnar,
radioulnar proximal/distal, and humeroradial joints. (b) Two non-perpendicular hinge joints
are considered to replicate the elbow motion. To construct the bone-fixed frames, 3 landmarks
namely EM, HU, and EL are borrowed from the humerus. Two landmarks namely US and RS
are also used from ulna and radius, respectively. {HU , xˆu, yˆu, zˆu} and {EL, xˆr, yˆr, zˆr} are the
ulna and the radius frames, respectively. The joint coordinates are considered to be coincide with
the bone-fixed frames. Two generalized coordinate q10 and q11 are used to uniquely define elbow
flexion/extension and pronation/supination, respectively.
flexion/extension and pronation/supination (Rxˆu and Rzˆr) are defined in Eq. 2.4.
Rxˆu =
1 0 00 cos q10 − sin q10
0 sin q10 cos q10

Rzˆr =
cos q11 − sin q11 0sin q11 cos q11 0
0 0 1

(2.4)
It is worth mentioning that, introduction of huRf and urRf deviates from the ISB rec-
ommendations [201]. Because, the ISB requires inherent alignment of the ulna and the
radius frames relative to their proximal bones. The inherent alignment however results in
non-physiological configurations of the forearm relative to humerus [202].
The following forward kinematics map (ξelbow) is obtained using equations 2.1 to 2.4.
It defines tUS and tRS for given q10, q11, tEL, and tEM (Eq. 2.5). It is incorporated
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in the previously developed forward kinematic map of the shoulder model to provide a
complete representation of the upper extremity kinematics.
ξelbow : Cs ⊂ R2 7→Ws ⊂ R3
ξelbow(q10(t), q11(t)) = xj(t), j = {US, RS} (2.5)
Where, Cs andWs denote the elbow’s coordinate and work spaces [11], and xUS(t) ≡ tUS,
and xRS(t) ≡ tRS.
2.2.2 Elbow dynamics
Mass and inertial properties are attributed to the ulna and the radius according to [14].
The mass and inertia of the hand are also added to radius using parallel axis theorem
[11]. The centers of mass (CG) of the ulna and the radius are defined as
CGu =
1
2
t
uR uUS + tHU
CGr =
1
2
t
rR rRS + tEL
(2.6)
Where, the left-hand side subscripts u and r specify that the landmarks are expressed in
the ulna and the radius frames, respectively.
The angular velocities of the ulna (ωu) and the radius (ωr) in their bone-fixed frames
are given by
ωu = R
T
xˆu
h
uR
T
f ωh + [q˙10 0 0]
T
ωr = R
T
zˆr
u
rR
T
f ωu + [0 0 q˙11]
T
(2.7)
Where ωh is the humerus angular velocity.
The Lagrangians of the ulna (Lu) and the radius (Lr) are defined in terms of their
kinetic and potential energies (Eq. 2.8).
Lu = 12(mu ˙CG
T
u
˙CGu + ω
T
u Iuωu)−mug[0 0 1]CGu
Lr = 12(mr ˙CG
T
r
˙CGr + ω
T
r Irωr) −mrg[0 0 1]CGr
(2.8)
Where mu and mr are the mass, and Iu and Ir are the inertias of the ulna and the radius
in their bone-fixed frames, respectively.
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2.2.3 Integration of the elbow model into the shoulder model
The Lagrangians Lu and Lr are added to the Lagrangian of the shoulder model (Eq. 2.9).
It includes the Lagrangians of the clavicle (Lc), the scapula (Ls), and the humerus (Lh).
L = Lc + Ls + Lh + Lu + Lr (2.9)
Where L is the augmented Lagrangian of the shoulder and elbow model.
Two constraints are also used in the shoulder kinematic model. They force trigonum
scapulae (TS) and angulus acromialis (AI) points on the scapula medial boarder to always
lie on two ellipsoids. The ellipsoids approximate the ribcage and the underlying soft
tissues of each one of TS and AI. The constraints are written as
ΦTS(q(t)) = (tTS(t)− e0)TETS(tTS(t)− e0)− 1 = 0
ΦAI(q(t)) = (tAI(t)− e0)TEAI(tAI(t)− e0) − 1 = 0
(2.10)
Where, e0 is the center of the ellipsoids in the thorax frame, and ETS and EAI are the
matrices corresponding to each of the ellipsoids.
The equations of motion are obtained using the Lagrange’s equations (Eq. 2.11).
d
dt
(
∂L
∂q˙
)
− ∂L
∂q
=
∂Ω
∂q˙
M + λTS
ΦTS
∂q
+ λAI
ΦAI
∂q
(2.11)
Where, q is the generalized coordinate vector of the shoulder and elbow model, and Ω
is a horizontal matrix consisting of the angular velocities of all the 5 bone segments.
The vertical matrix M includes the muscle resultant moments around each one of the 5
joints. The first term on the right-hand side is the generalized force vector defined as the
multiplication of the partial angular velocity matrix (∂Ω∂q˙ ) and M . The resultant moment
matrix M can be expressed as M = Wf , where W is the moment arm matrix and f
is a vector including the magnitudes of all the muscle forces. The Lagrange multipliers
λTS and λAI are proportional to the magnitudes of the forces applied on the scapula due
to the ribcage constraints. The jacobians of the constraints (ΦTS∂q and
ΦAI
∂q ) define the
generalized moment arms of the constraints.
The moment arm matrix W can be obtained using its well-known geometric definition
or the tendon excursion method [112]. In either ways, the paths taken by the muscles
approximated as massless elastic strings are required. To this end, the obstacle set
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Figure 2.2: The developed shoulder and elbow model. (a) The anthropometric data of a
healthy male subject is used to develop the model. (b) The bone morphologies and muscles
origins/insertions are deduced from MRI scans of the same subject. (c) The model consists
of thorax, clavicle, scapula, humerus, ulna, radius, and a hand tied to the radius. It has nine
DOF represented by eleven generalized coordinates and two holonomic constraints. The model
includes 42 muscles that can be represented by up to 20 massless elastic strings. Muscle origins
and insertions are denoted by green and blue areas, respectively.
method is used [111]. The origins/insertions and the associated via points of 14 muscles
spanning the elbow are defined based on the MRI scans and the help of a professional
radiologist. Their associated wrapping objects are set by modifying recommendations
of [14] for the type, center, axis, and radius of the objects to best fit the MRI scans.
They include triceps brachii long/medial/lateral, biceps brachii short/long, brachialis,
brachioradialis, supinator, pronator Teres, flexor carpi radialis/ulnaris, and extensor carpi
radiali long/radialis bervis/ulnaris. Therefore, the shoulder and elbow model consists of
42 muscle groups that each one of them can be represented by up to 20 strings (Fig. 2.2).
The equations of motion (Eq. 2.11) are solved for unknown muscle forces f using
inverse dynamics for a given q. The shoulder and elbow model is over-actuated, i.e. there
are more muscles (42 times the number of strings used for each muscle) than the number
of equations (11 equations, one per generalized coordinate). Therefore, the following
so-called standard load-sharing is casted to solve the over-actuation problem using static
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optimization [52].
min
f˜
f˜TP f˜
s.t.
d
dt
(
∂L
∂q˙
)
− ∂L
∂q
=
[
∂Ω
∂q˙
W
ΦTS
∂q
ΦAI
∂q
]
f˜
0 ≤ f˜ ≤ f˜max
ψ(q, q˙, q¨, f˜) ≤ 0
(2.12)
Where, f˜ ≡ [fT λTS λAI]T , and P is a diagonal matrix including the inverse squared
of muscles PCSAs. The numerical values for PCSAs are set according to [203]. The
constraint ψ forces the JRF to always point toward inside of a cone that replicates the
glenoid fossa. It is commonly called the GH joint stability constraint. The optimization is
a quadratic programming problem that can be solved using quadprog of Matlab. It defines
f˜ such that the sum of squared muscle stresses are minimized, while the constraints are
satisfied.
2.2.4 Model scaling
Scaling BSIP: The model BSIP are scaled based on the subject’s gender, weight (mB),
and height (lH) using the 3D predictive equations of [95]. More specifically, the mass
and the length of each bone segment is defined as portions of mB and lH , respectively
(Table 2.1). The portions slightly vary for male and female subjects. The resulting bone
segment masses and lengths are used to define their inertias in the transverse and the
lateral directions of the bone-fixed frames.
Scaling skeletal morphologies: The skeletal morphologies are scaled using an
anisotropic scaling matrix S. It is defined according to lH and the subject’s shoulder
width lW (Eq. 2.13). The lW is defined as the distance between the two angulus acromialis
landmarks on the left and the right shoulder.
S =

lW
lWg
0 0
0 lWlWg
0
0 0 lHlHg
 (2.13)
Where, lHg and lWg are the height and shoulder width of the generic model.
The two ribcage ellipsoids are scaled by dilating a base ellipsoid. The base ellipsoid is
obtained during the construction of the generic model by fitting it to the ribcage. It is
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Table 2.1: Scaling BSIP based on subject’s gender, weight (mB), and height (lH) using the 3D
predictive equations of [95]. Clavicle, scapula, humerus, ulna, and radius masses are denoted
by mc, ms, mh, mu, and mr, respectively. The segments lengths of humerus, ulna, and radius
are lh, lu, and lr. Their inertias in transverse and lateral directions of their bone-fixed frames
are denoted by Iht , Iut , Irt , Ihl , Iul , and Irl , respectively. The mu and mr are defined as 62%
and 38% of the forearm weight. The mB and lH are expressed in centigram and centimeter,
respectively.
BSIP male female
clavicle mc 0.18mB 0.18mB
scapula ms 0.82mB 0.82mB
humerus
mh 2.4mB 2.2mB
lh
27
177 lH
24.3
161 lH
Iht (0.315lh)
2mh (0.33lh)
2mh
Ihl (0.14lh)
2mh (0.17lh)
2mh
ulna
mu (0.62)(1.7)mB (0.62)(1.3)mB
lu
28.3
177 lH
24.7
161 lH
Iut (0.275lu)
2mu (0.255lu)
2mu
Iul (0.11lu)
2mu (0.14lu)
2mu
radius
mr (0.38)(1.7)mB (0.38)(1.3)mB
lr
28.3
177 lH
24.7
161 lH
Irt (0.275lr)
2mr (0.255lr)
2mr
Irl (0.11lr)
2mr (0.14lr)
2mr
centered at e0 with axes equal to eBEx , eBEy , and eBEz . The centers of the two dilated
ellipsoids are obtained by scaling e0 with S. Then, their axes are obtained by an isotropic
dilation of the base ellipsoid so that they include their associated scaled landmark TS or
AI. The dilation factors (δTS and δAI) are calculated by using the scaled TS and AI in the
equations of their respective ellipsoids and solving the resulting 6th degree polynomial
equations for δTS and δAI (Eq. 2.14).
(StTS − Se0)T

1
(eBEx+δTS)
2 0 0
0 1
(eBEy+δTS)
2 0
0 0 1
(eBEz+δTS)
2
 (StTS − Se0)− 1 = 0
(StAI − Se0)T

1
(eBEx+ δAI)
2 0 0
0 1
(eBEy+ δAI)
2 0
0 0 1
(eBEz+δAI)
2
 (StAI − Se0)− 1 = 0
(2.14)
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Figure 2.3: Scaling the ribcage ellipsoid containing AI. A base ellipsoid (blue) is dilated by δAI
to obtain the ribcage ellipsoid AI (red). The base ellipsoid is centered at e0 with axes equal to
eBEx , eBEy , and eBEz . The center of the scaled AI ellipsoid is also obtained by scaling e0 with S.
Scaling the TS ribcage ellipsoid follows the same procedure and results in an ellipsoid centered at
Se0 and dilated by δTS.
Eq. 2.14 is solved numerically for instance using roots of Matlab. It has only two positive
roots that are considered as δTS and δAI (Fig. 2.3).
In a case where videogrammetry measurement data are available for a subject, the
scaling matrix S is defined for each bone segment. The landmarks on each bone segment
are used to define its length. The resulting length is used to define a scaling factor by
comparing it to an associated length from the generic model. The scaling of the ribcage
ellipsoids follows the same approach as Eq. 2.14, except that the measured positions of
TS and AI are used instead of their scaled positions.
The glenoid inclination(αGI) and version (αGV) are determined according to a definition
provided in [64, 200]. A bone-fixed frame attached to the spino-glenoid notch (SN) defines
scapula configurations (Eq. 2.15 and Fig. 2.4).
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• Scapula bone-fixed frame: {Os, xˆs, yˆs, zˆs}
Os ≡ tSN
xˆu = yˆs × zˆs
yˆs = (tSN − tAI)× (tSN − tTS) =⇒ yˆs = yˆs/|yˆs|
zˆs = (tSN − tTS)× yˆs, =⇒ zˆs = zˆs/|zˆs|
t
sR = [xˆs yˆs zˆs]
(2.15)
The αGI is the angle between the zˆs and a vector connecting the inferior glenoid (IG)
and the superior glenoid (SG) points projected on xˆszˆs plane. The αGV is the angle
between the yˆs and a vector connecting the posterior glenoid (PG) and the anterior
glenoid (AG) points projected on xˆsyˆs plane. Provided subject specific values for αGI
and αGV, their associated angles can be adapted in the generic model. To this end, first
∆αGI = αGI − αGIg and ∆αGV = αGV − αGVg are defined, where subindex g denotes the
values of the generic model. The rotation operators RGI and RGV are used according
to Eq. 2.16 to rotate the glenoid center (GC) around yˆs and zˆs by ∆αGI and ∆αGV,
respectively. The resulting GC is used to construct a cone frame that defines the GH
joint stability constraint (Eq. 2.12).
RGI = yˆsyˆ
T
s + cos ∆αGI(I − yˆsyˆTs ) + sin ∆αGI[yˆs]
RGV = zˆszˆ
T
s + cos ∆αGV(I − zˆszˆTs ) + sin ∆αGV[zˆs]
(2.16)
Where, the cross product matrices corresponding to yˆs and zˆs are denoted by [yˆs] and
[zˆs], respectively.
Scaling muscles architectures: The muscles insertion/origins, via points, and
wrapping objects’ radii and centers are all scaled using the matrix S.
The muscle PCSAs are scaled based on the subject’s gender and body muscle-percentage
(rm). Predictive equations [117] are used that provide an estimation of rm based on
subject’s BMI defined as BMI ≡ m
l2
(Eq. 2.17). The ratio of the subject’s rm to that of
the generic model is used to scale PCSAs. Furthermore, the model allows neglecting the
scaled PCSAs in case subject specific values are provided.
rm =
{
1.09− 0.0149BMI + 0.00009BMI2 male
1.08− 0.0203BMI + 0.000156BMI2 female (2.17)
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Figure 2.4: Scaling and definition of the glenoid inclination/version (αGI and αGV). The scapula
frame {xˆs yˆs zˆs} is attached to SN and is defined according to Eq. 2.15. The αGI is defined in
xˆszˆs plane where the two points IG and SG are projected (white circles). It is defined as the
angle between the zˆs and a vector passes through the two projected points of IG and SG. The
αGV has a similar definition, but in the xˆsyˆs plane and through projections of PG and AG. The
adaptation of αGI and αGV results in a scaled GC point that modifies the cone of the stability
constraint (Eq. 2.12).
2.2.5 Shoulder and elbow Matlab toolbox
The developed shoulder and elbow model provides predictions of muscles and joints
reaction forces for a measured motion. It is developed on open-source principles in Matlab.
It has a graphical user interface (GUI) that facilitates its applications. It has 5 main
sub-tool windows that are briefly described below (Fig. 2.6).
1. Subject specific tool
It allows scaling or adapting the BSIP, skeletal morphologies, and muscles archi-
tectures of the generic model using subject’s gender, height, shoulder width, and
weight. The scaled model can be compared visually to the generic model (Fig. 2.7).
2. Muscle wrapping tool
It allows visual verifications of the muscles paths during different joint configurations.
The muscles insertions/origins, wrapping objects’ centers and radii, and via points
can be verified (Fig. 2.8).
27
Chapter 2. A Matlab toolbox for scaled-generic modeling of shoulder and
elbow
3. Kinematics tool
It allows reconstructing a motion of the upper extremity with or without videogram-
metry measurement data (Fig. 2.9). Its first sub-tool window calculate joints
angles evolutions in the lack of measurement data for a desired initial and final
configuration of the upper extremity [100]. The second sub-tool can construct
a measured motion using multi-segment optimization method and provide joints
angles evolutions.
4. Moment arms tool
For the joint angles evolutions obtained from the kinematics tool, it provides muscles
moment arms (Fig. 2.11). The muscles moment arms are calculated using both the
geometrical and the tendon excursion methods and can be compared.
5. Force prediction tool
It provides predictions of muscles forces and JRF using inverse-dynamics and optimal
load-sharing (Fig. 2.12). It also allows inclusion of electromyography (EMG) data
and force predictions with or without the GH joint stability constraint.
2.2.6 Parameter study
Subject’s gender, height, weight, glenoid inclination, and PCSAs of RC muscles are
independently varied to evaluate their effects on the JRF predictions. Two variations
are considered for the height, 1.60 m and 1.95 m. The weight variations are 60 kg and
100 kg. The glenoid inclination is varied from its generic value of 7o to −7o and 15o,
according to the variations observed in healthy subjects [204]. The PCSAs of RC muscles
are reduced by 50% [205]. The resulting PCSAs are 10.42 cm2, 16.66 cm2, 17.84 cm2,
and 3.40 cm2 for supraspinatus (Ss), infraspinatus (Is), subscapularis (Sc), and teres
minor (Tm), respectively. The generic model is scaled for each one of the variations.
An abduction motion in the scapula plane is simulated using the kinematics tool of the
developed toolbox. The results are presented in terms of the JRF predictions along the
arm abduction angle.
2.3 Results
The change of subject’s gender to female resulted in an almost -95 N shift in the JRF
with respect to the male subject of the generic model (Fig. 2.5a). The JRF predictions
for the male generic model increased from 276 N at 20o abduction to 585 N (69.80 %
body weight) at 122o abduction and decreased afterward.
The reduction of subject’s weight to 60 kg considerably reduced (almost 30%) the
maximum predicted JRF comparing to the generic model (Fig. 2.5b). The JRF increased
to 684 N (almost 17%) due to increase in the subject’s weight to 100 kg.
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The variations of subject’s height had almost zero effect on the JRF predictions (Fig.
2.5c).
The variations of the αGI had negligible effects on the peak of JRF predictions (Fig.
2.5d). However, its reduction to -7o resulted in almost 10% less JRF until 60o abduction.
The JRF reduction continued again after 125o abduction for αGI = −7o. For αGI = 15o,
the JRF at 60o abduction increased from 422 N of the generic model to 456 N (almost
8%).
The 50% reduction of PCSAs of RC muscles had negligible effects (less than 3%) on
the JRF until 60o abduction (Fig. 2.5e). But, it caused the JRF to increase afterward.
The maximum JRF increased to 682 N (less than 17%) and occurred at slightly higher
abduction angles (130o) comparing to the generic model.
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Figure 2.5: Evaluations of the effects of subject specific parameters on the JRF predictions during abduction
motion in the scapula plane. (a) Gender, (b) weight, (c) height, (d) glenoid inclination, and (e) 50% reduction in
PCSAs of RC muscles.
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2.4 Discussion
The aim of this study was to develop a scaled-generic musculoskeletal model of shoulder
and elbow. The elbow was incorporated into our previously developed shoulder model
using two non-perpendicular hinge joints. Fourteen muscles spanning the elbow and
shoulder were included in the model. Scaling routines were developed to scale the model’s
BSIP, skeletal morphologies, and muscles architectures to a specific subject. The model
was developed on open-source principles as a Matlab toolbox. We specifically evaluated
the effects of subject’s gender, weight, height, glenoid inclination, and reductions in
PCSAs of RC muscles on the JRF predictions during an abduction motion. The JRF
prediction of the generic model was consistent with the in vivo measurements of the
instrumented prosthesis [199] and other numerical studies [13, 17, 18].
The predicted JRF at 60o, 90o, and 120o were at most only 13% less than those of the
instrumented prosthesis.
The reduction in JRF due to changing the subject’s gender to female was expected.
Because, it scaled down the arm weight (from almost 3.51 kg to 2.99 kg by around 15%).
It also resulted in a slightly lower rm (from 77.67 % to 67.36%) that reduced the PCSAs.
The weight had the most significant effect among the other parameters. Each extra
Kilogram of subject’s weight scaled up the arm weight by almost 1.17%. Therefore, the
increase/decrease of the JRF due to increase/decrease of subject’s weight was predictable.
This effect would be faded away however, if the JRF was presented in body weight
percentage. For instance, both variations of subject’s weight together with the generic
model resulted in JRF almost equal to 70% of body weight at 90o abduction.
The height had almost no effect on the JRF. The increase of the subject’s height linearly
increased the arm weight moment arm. The muscle moment arms were also equivalently
increased due to scaling up the wrapping objects. Therefore, these two effects would
cancel out each other, given that the changes in the inertial properties and the joint
kinematics due to height were negligible.
The more downward the glenoid inclination was, the lower JRF was predicted until 60o
abduction. This was consistent with the previous studies regarding the glenoid inclination
[64, 101, 200]. Given that the GH joint was less stable for the beginning of abduction
[31], the downward inclinations of the glenoid fossa could stabilize the joint by centering
the JRF within the stability cone. Therefore, lower JRF was predicted. After 60o the
joint was inherently more stable, provided by the scapula upward rotation. Therefore,
the downward inclination of the fossa had negligible effects. The joint became less stable
at the end of the abduction [58, 67], where the downward inclination could again play its
stabilizing role.
We intuitively expected that the 50% reduction of the RC muscles PCSAs would increase
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the JRF until 60o abduction. Because, the impaired RC muscles supposedly could not
perform their stabilizing task, and instead other muscle groups would carry out the task,
but with less efficiency. However, the results predicted a slight decrease in JRF until 60o
abduction. This could be explained by the fact that 50% reduction would not avoid RC
muscles from performing their stabilizing task. It has been shown by several studies that
the contributions of RC muscles during an abduction motion were limited to less than
50 N [13, 52, 188]. Therefore, according to the Fick law [206], they roughly required less
than 2 cm2 PCSAs to carry out their stabilizing task.
A parameter study typically required participants with different anthropometric
parameters [88]. For instance, to evaluate the effect of height, several participants
with different heights but ideally same weights were required [86]. To predict effects
of kinematics on JRF predictions, kinematics of several subjects during a motion were
required to be recorded [92, 207]. However, a strength of the developed toolbox was that
it allowed performing the parameter study, while no participants was required. Because,
the toolbox could numerically produce the kinematics associated to each virtual subject
considered [100]. Provided by the model GUI, it also exempted the user from cumbersome
programming.
One limitation of this study was that a fix carrying angle was considered for the
elbow. The elbow carrying angle is the angle between the forearm and the humerus
longitudinal axes. It was shown to vary during forearm motion [69]. A fixed carrying
angle would therefore compromise the elbow kinematics during its task oriented motions
[69, 208]. However, given that our model mainly focused on shoulder studies, this
simplification could be justified. Another limitation referred to the fact that the model
only included ideal joints with no translations. However, the GH joint translations play
a crucial role in the joint functions and its stability mechanism [119]. Therefore, future
developments would allow the model to predict GH joint translations by taking advantage
of a framework that has been developed in our group [193]. Furthermore, we investigated
the effects of each parameter separately. More thorough sensitivity analyses could be
used to also show compound effects of parameters. A compromise of three factors namely
sensitivity, variability, and measurability could then be used to decide whether a parameter
must be personalized in a model [209]. For instance a highly sensitive parameter with
very little variability which is also difficult to measure could be excluded from subject
specific parameters. Finally, this study mainly dealt with presenting the toolbox and the
underlying methodologies of its development. Indeed, further investigations were required
to evaluate its predictions. It would also be interesting to compare its predictions with
other existing free [210] or commercial [211] shoulder musculoskeletal packages.
In conclusion, we enhanced the realism and facilitated applications of an existing
shoulder model by three main improvements. First, the elbow and the muscle groups
spanning it were included in the model. Second, scaled-generic attributes were added to
the resulting shoulder and elbow model. The model was finally developed as a Matlab
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toolbox with a GUI that facilitated its applications. We showed the effects of subject
specific parameters on the JRF predictions. Given their considerable effects, it was
concluded that their adaptation to each subject could enhance the realism of the model
predictions. This work was a step toward subject specific modeling of shoulder and elbow.
In a next step the toolbox would be populated with data from pre and post operative
patients for clinical applications related to treatments of the GH joint osteoarthritis with
total shoulder arthroplasty.
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Appendix: Matlab toolbox
Figure 2.6: Illustration of the main window of the developed shoulder and elbow Matlab toolbox.
This window provides access to the 5 main sub-tools. It also allows customizing the visualization.
Each window is equipped with a save and close push bottoms.
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Figure 2.7: The subject specific toolbox allows the user to scale the generic model through
adapting subject’s gender, height, weight, muscles PCSAs, and glenoid orientations (inclination
and version). It also allows importing and scaling the model using kinematic measurement data
in terms of trajectories of palpated landmarks. The model’s BSIP, skeletal morphologies, and
muscles architectures are scaled here. The scaled model can be visually compared to the generic
model. The option for discarding the changes is indeed provided to set back the generic model.
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Figure 2.8: The muscle wrapping tool provides an interactive environment for visual verification
of the muscle paths. The wrapping obstacles, via points, the origin (green), and the insertion
(blue) can be checked. Different joint angles can be also imposed to perform the verification in
different configurations.
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Clavicula Axial Rotation
Clavicula Depression (-) / Elevation (+)
Clavicula Retraction (-) / Protraction (+)
Ulna Extension (-) / Flexion (+)
Radius Supination (-) / Pronation (+)
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Humerus Axial Rotation
Humerus Adduction (-) / Abduction (+)
Humerus Elevation: Posterior (-) / Anterior (+)
- CLOSE TOOL ---------------------------------------  
Closes the tool and deletes all the local variables
- BUILD MOTION (Option 1)----------------------  
Builds the joint kinematics without measured data
- BUILD MOTION (Option 2)----------------------  
Reconstruct a measured motion
- VIEW MOTION -------------------------------------  
Launches a small GUI where the motion is visualised
Minimal Coordinates Initial and Final Conditions
Initial Values Final Values
Derivative Conditions (dX(t_0), dX(t_f), etc)
M1 0 30 [0, 0, 0, 0, 0, 0, 0, 0]
M2 -66.8001 -30 [0, 0, 0, 0, 0, 0, 0, 0]
M3 87.7913 91 [0, 0, 0, 0, 0, 0, 0, 0]
M4 0.51968 0.58914 [0, 0, 0, 0, 0, 0, 0, 0]
M5 0 0 [0, 0, 0, 0, 0, 0, 0, 0]
M6 -1 -140 [0, 0, 0, 0, 0, 0, 0, 0]
M7 30 30 [0, 0, 0, 0, 0, 0, 0, 0]
M8 0 0 [0, 0, 0, 0, 0, 0, 0, 0]
M9 0 0 [0, 0, 0, 0, 0, 0, 0, 0]
M1 : Clavicula Axial Rotation [DEG]
M2 : AI parametric coordinate 1 [DEG]
M3 : AI parametric coordinate 2 [DEG]
M4 : TS intersection coordinate [%]
M5 : Humerus Axial Rotation [DEG]
M6 : Humerus abduction angle [DEG]
M7 : Humerus Elevation Plane [DEG]
M8 : Ulna Flexion/Extension [DEG]
M9 : Radius Prnation/Supination [DEG]
Number Of Points: 100
Figure 2.9: The kinematics tool allows producing a motion for the shoulder and elbow through
two different options. The first option does not require measurement data and is useful for
conceptual studies such as parameter studies. The second option allows reconstruction of a
measured motion using videogrammetry systems in terms of trajectories of palpated landmarks
(Fig. 2.10).
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Figure 2.10: The second option of the kinematics tool uses the imported measurements from
the subject specific tool. It analyzes and filters the measured data. It provides estimations of the
missing landmarks and scapula kinematics, even if it is not measured explicitly using scapula
kinematic measurement devices. It reconstructs the motion in terms of the joint angles using
multi-segment optimization (inverse kinematics). The reconstructed motion can be animated and
saved.
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Figure 2.11: The moment arms tool calculates the moment arms of the muscles for the simulated
motion. The interactive design of this tool allows the user to obtain further details regarding the
moment arms of each muscle by a single click. The moment arms around different joints and the
muscle length are included for each muscle.
39
Chapter 2. A Matlab toolbox for scaled-generic modeling of shoulder and
elbow
200 400 600 800 1000 1200 1400 1600 1800
500
1000
1500
2000
2500
3000
3500
4000
Subclavicular
Serratus Anterior Upper
Serratus Anterior Middle
Serratus Anterior Lower
Trapezius C1 - C6 Trapezius C7 Trapezius T1
Trapezius T2 - T7
Levator Scapulae
Rhomboid Minor Rhomboid Major T1 - T2 Rhomboid Major T3 - T4
Pectorlis Minor
Pectoralis Major Clavicular
Pectoralis Major Sternal
Pectoralis Minor Ribs
Latissimus Dorsi Thoracic
Latissimus Dorsi Lumbar
Latissimus Dorsi Iliac
Deltoid Clavicular
Deltoid Acromial
Deltoid Scapular
Supraspinatus
Infraspinatus
Subscapularis
Teres Minor
Teres Major
Coracobrachialis Triceps Brachii Long
Triceps Brachii Medial
Triceps Brachii Lateral
Biceps Brachii Short
Biceps Brachii Long
Brachialis
Brachioradialis
Supinator
Pronator Teres
Flexor Carpi Radialis
Flexor Carpi Ulnaris
Extensor Carpi Radialis Long
Extensor Carpi Radialis Brevis
Extensor Carpi Ulnaris
Scapulo-thoracic Force TS
Scapulo-thoracic Force AI
CLOSE TOOL
ESTIMATE FORCES
SAVE DATA
EMG to Force
Motion Time Span :
10 [s]
Weight in Hand :
0 [kg]
Load EMG data:
...
TS Force [N]
AI Force [N]
Joint Force [N]
Glenoid Stability
Figure 2.12: Finally, the force prediction tool provides predictions of the muscle forces and JRF
for the simulated motion. The subject can alternate the speed of the motion and also the weight
that the subject carries during the motion. It also includes EMG-assisted load-sharing approach
of the model that is not discussed in this study [212].
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This chapter is a preprint version of the following self-authored article that has been
published in Journal of Medical Engineering and Physics.
Ehsan Sarshari, Alain Farron, Alexandre Terrier, Dominique Pioletti, Philippe Mullhaupt,
“A simulation framework for humeral head translations”, Medical Engineering and Physics
49 (2017) 140-147.
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Abstract
Humeral head translations (HHT) play a crucial role in the glenohumeral (GH) joint
function. The available shoulder musculoskeletal models developed based on inverse
dynamics however fall short of predicting the HHT. This study aims at developing a
framework that allows forward-dynamics simulation of a shoulder musculoskeletal model
with a six DOF GH joint. It provides a straightforward solution to the HHT problem. We
show that even within a forward-dynamics simulation addressing the HHT requires further
information about the contact. To that end, a deformable articular contact is included
in the framework defining the GH joint contact force in terms of the joint kinematics.
An abduction motion in the scapula plane is simulated. The results are given in terms
of HHT, GH joint contact force, contact areas, contact pressure, and cartilage strain.
It predicts a superior-posterior translation of the humeral head followed by an inferior
migration.
3.1 Introduction
Several musculoskeletal models are available for the human shoulder that provide predic-
tions of both the muscle and joint reaction forces e.g. [14, 28]. A vast majority of these
models have been developed based on inverse dynamics, e.g. [13, 14, 16, 44, 45, 100]. In
inverse dynamics the muscle forces are defined for a given (measured) joints kinematics.
However, with the available measurement techniques, it is not straightforward to measure
the translational DOFs of the GH joint [8]. Therefore, it is often approximated as an
ideal ball-and-socket joint in the musculoskeletal models, neglecting its translations [119].
Nonetheless, the GH joint translations has a key impact on the GH joint function, specially
its stability mechanism [28, 120]. Furthermore, predictions of the GH joint translations,
the contact pressure, and the contact areas are required in designing shoulder prostheses
[121, 122].
Indeed, few studies have investigated the HHT using biomechanical models. To this
end, they tailored either available musculoskeletal models [122, 123] or developed finite
element models [119, 121, 124, 125]. Other studies mainly used cadaveric [126, 127] or
clinical [8, 128–133] approaches to address the GH joint translations. However, there are
limitations associated to each of these studies.
The Anybody shoulder model [44] was tailored using the force dependent kinematic
method, introduced in [134], to address the HHT after total shoulder arthroplasty (TSA)
[122]. The dynamic effects of motion were neglected although their influence on the HHT
has been already highlighted [128]. The Portuguese shoulder model [17] was adapted
in [123] to address the HHT using a novel inverse-dynamics framework. The HHT was
considered as an extra design variable in an optimization scheme within this framework.
Despite [122], the dynamic effects of motion were partially considered. However, the
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articular contact was approximated by an elastic potential function. This deviates from
the nonlinear and viscoelastic behavior of the cartilage [135] and does not account for
the moment applied on the humerus due to the articular contact. The different 3D finite
element models developed in [119, 121, 124, 125] share the same attributes. They include
more realistic estimation for the articular contact although they were simulated under a
sequence of static conditions, neglecting the dynamics of motion. Furthermore, they all
lack a physiological muscle force load-sharing. The 3D finite element model developed in
[119] was used in [120, 136, 137] to further study the HHT after the TSA.
The in vivo or in vitro measurement of the HHT remains a challenging task [8]. Specifically,
in vitro studies could not accurately simulate the in vivo conditions in terms of the muscle
and joint contact forces. The in vivo studies were also either limited to 2D analysis
[128, 129] or otherwise their accuracy was limited by the 3D reconstruction of the bones
[8, 132, 133]. Furthermore, they were not developed to assess the GH joint translations
during dynamic activities [130, 131].
The aim of this study is to develop a framework for forward-dynamics simulation
of a shoulder musculoskeletal model that allows estimation of the HHT. It has three
main strengths: 1) the dynamic effects of motion is naturally considered, 2) a nonlinear
viscoelastic approximation for the articular contact is used, and 3) it provides an integrated
solution that deals simultaneously with the GH joint kinematics and kinetics. To the
best of our knowledge this has not been addressed elsewhere. This framework provides
addressing the GH joint translations either in its physiological form or after the TSA.
3.2 Methods
A musculoskeletal model of the GH joint with six DOFs is developed. The six DOFs
correspond to three rotational and three translational (HHT) generalized coordinates.
We show that the equations of motion of the GH joint with six DOFs is indeterminate,
i.e. there are fewer equations than the number of unknown forces and moments and
unknown generalized coordinates (subsection 3.2.1). Therefore, defining the HHT requires
solving the indeterminate equations of motion of the GH joint. In order to resolve the
indeterminacy, we develop a framework that maps the unknown forces and moments to
the unknown generalized coordinates and velocities (subsections 3.2.3 and 3.2.3). This
leads to a set of transformed equations of motion that no longer is indeterminate. We
then simulate an arm motion in the scapula plane. The resulted HHT, GH joint contact
force, contact areas, contact pressure, and cartilage strain are compared to those from
the in vitro, in vivo, and numerical studies.
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Figure 3.1: A schematic view of the GH joint. The surfaces of humeral head and the glenoid
fossa are both approximated as spheres. xhyhzh is the humerus body-fixed frame attached to the
humeral head center HH. Fm and MHHm are resultant force and moment due to the muscles,
and Fc is the contact force. The contact points on the humeral head and the glenoid fossa are
denoted by Ch and Cg, respectively.
3.2.1 Indeterminacy in HHT
The surfaces of humeral head and glenoid fossa are both approximated as spheres with
radii rh and rg equal to 30 mm and 32 mm, respectively [213] (Fig. 3.1). The arm weight
is 35.7 N that corresponds to 5% of the bodyweight. All the 11 major muscles spanning
the GH joint are included, and their forces applied on the humerus are replicated by a
resultant force Fm and a resultant moment MHHm acting on the humeral head center.
Muscle paths are defined using the algorithm introduced in [16]. Fc represents the GH
joint contact force applied on the humerus. The contact point on the humeral head and
its associate point on the glenoid fossa are denoted by Ch and Cg, with velocities of
VCh and VCg , respectively. A body-fixed frame (xhyhzh) is attached to the humerus at
the humeral head center (HH). The scapula motion is included by the scapulohumeral
rhythm [52].
The GH joint equations of motion are derived using the Lagrange’s equations. A
compact form of these equations is
d
dt
(
∂L
∂q˙
)
− ∂L
∂q
= τ (Fm,MHHm ,Fc) (3.1)
The generalized coordinate vector q consists of three rotational DOFs (ψ, θ, and φ) and
three translational DOFs (x, y, and z). The generalized force vector τ is a function of
applied external forces and moments (Fm, MHHm , and Fc) [11]. A holonomic constraint
is also considered to account for the contact between the surfaces of humeral head and
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glenoid fossa
(VCh − VCg) . nˆ = 0 (3.2)
The unit vector nˆ is perpendicular to the plane of contact that is tangential to the contact
point. The constraint equation assures no relative velocity between Ch and Cg in the
direction of nˆ [214].
There are fifteen unknowns in Eq. 3.1 and Eq. 3.2, including the six generalized
coordinates (ψ, θ, φ, x, y, and z), the three components of the contact force (Fc), the
three components of the resultant muscle force (Fm), and the three components of the
resultant muscle moments (MHHm). However, Eq. 3.1 and Eq. 3.2 respectively provide
six and one equations (seven in total) that are not sufficient to uniquely determine the
fifteen unknowns. Therefore, the equations of motion of the GH joint with six DOFs is
indeterminate.
3.2.2 Resolving the indeterminacy: deformable articular contact
Our approach to resolve the indeterminacy is to define the unknown muscle and contact
forces and their associated moments as smooth function mappings of the generalized
coordinate and velocity vectors. This leads to a set of transformed equations of motion
that is no longer indeterminate.
Using the definition of virtual work [11], the generalized force vector (τ ) on the
right-hand side of Eq. 3.1 can be expressed as
τ =
∂V THH
∂q˙
(Fm + Fc) +
∂ωT
∂q˙
(MHHm +MHHc) (3.3)
Where VHH is the velocity of the humeral head center, and ω is the angular velocity of
the humerus, and T is the matrix transpose operator. MHHm and MHHc denote the
resultant moments about the humeral head center due to the muscle and the contact
forces, respectively.
Substituting Fc, Fm, MHHc , and MHHm in Eq. 3.3 with smooth function mappings
(to be defined) of q and q˙ and introducing the resulting generalized force vector into Eq.
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3.1, we obtain
d
dt
(
∂L
∂q˙
)
− ∂L
∂q
=
∂V THH
∂q˙
F c(q, q˙) +
∂ωT
∂q˙
MHHc(q, q˙)
+
∂V THH
∂q˙
Fm(q, q˙) +
∂ωT
∂q˙
MHHm(q, q˙)
(3.4)
Where F c, Fm, MHHc , and MHHm are the smooth function mappings from q and q˙
to Fc, Fm, and their associated moments. Once these function mappings are defined,
solving the transformed equations of motion Eq. 3.4 is trivial.
To defineF c, a deformable articular contact between the humeral head and the glenoid
fossa is assumed. This contradicts our previous contact constraint in Eq. 3.2 where a
rigid contact was assumed. However, the assumption of a deformable articular contact
is more physiologically consistent [28, 215] and allows us to define F c. The deformable
contact model used here is adapted from [216] approximating the cartilage as a nonlinear
elastic material. A viscous damping term is also incorporated to this contact model
according to [215]. The humeral head is considered to be rigid while a deformable layer
covers the glenoid fossa (Fig. 3.2). The thickness of this deformable layer accounts for the
cartilage of both humeral head and glenoid fossa. The vector rHH defines the position of
the humeral head center in the scapula frame (xsyszs). We denote respectively by shi
and hi the center point of an infinitesimal surface on the humeral head in the scapula
and humerus frames and by f ci its associated contact force. According to [216] and [215],
the contact force applied on hi can be express as
f ci =
 (ai sLn
(
1− ui
b
)
+ c u˙i)
shi
|shi| , ui > 0
0 , ui < 0
(3.5)
Where ai, s, b, and c are the infinitesimal surface area, the aggregate module, the cartilage
thickness, and the damping coefficient, respectively. We denote by ui the amount that
hi penetrates the sphere approximating the glenoid fossa. Therefore, ui is defined as
(|shi| − rg) where shi is (rHH + SHR hi) with SHR being the rotation matrix from the
humerus frame to the scapula frame. The numerical values for the constants are adapted
from the literature [119, 135, 217].
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Figure 3.2: The GH joint with deformable articular contact (the dimensions are exaggerated
for illustrations purposes). rHH defines the spatial position of the HH in the scapula frame
(xsyszs). The center point of an infinitesimal surface on the humeral head in the humerus frames
is denoted by hi, and f ci denotes its associated contact force.
3.2.3 Resolving the indeterminacy: forward-dynamics simulation
Having defined the function mapping F c, we here develop a forward-dynamics framework
to defineMHHm . The forward-dynamics framework is a continuation of our previous work
[218]. We define MHHm and accordingly MHHm such that the rotational generalized
coordinates and velocities (qr and q˙r) follow their associated desired trajectory (qrd and
q˙rd). To that end, we expand the transformed equations of motion Eq. 3.4 and split it
into rotational and translational subspaces (qr and qt):
[
M11 M12
M12 M22
][
q¨r
q¨t
]
+ c(q, q˙) + g(q)− ∂V
T
HH
∂q˙
F c − ∂ω
T
∂q˙
MHHc
=
∂V THH
∂q˙
Fm +
∂ωT
∂q˙
MHHm
(3.6)
Where [M ], c, and g are the inertia matrix, centrifugal and Coriolis torques vector,
and gravitational torques vector, respectively. F c and consequently MHHc are already
defined in subsection 3.2.2.
We denote by {fm} a vector that consists of the magnitudes of the forces applied by
different muscles. Two matrices B and W are also defined mapping {fm} to Fm and
MHHm , respectively. B is the matrix composed of the muscle force directions, and W
is the moment arm matrix. Making these substitutions and denoting by L the four last
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terms on the left-hand side of Eq. 3.6, we obtain
[
M11 [0]
[0] M22
][
q¨r
q¨t
]
+
[
Lr(q, q˙)
Lt(q, q˙)
]
=
∂V THH
∂q˙
B{fm}+ ∂ω
T
∂q˙
W{fm} (3.7)
Substituting ∂V
T
HH
∂q˙ B and
∂ωT
∂q˙ W by Bg and Wg, and eliminating their zero raws accord-
ingly, yields
[
M11 [0]
[0] M22
][
q¨r
q¨t
]
+
[
Lr(q, q˙)
Lt(q, q˙)
]
=
[
Wg{fm}
Bg{fm}
]
(3.8)
Equation Eq. 3.8 allows us to define the magnitudes of the muscle forces such that
the humerus follows a desired rotational trajectory. The rotational subspace of the
transformed equations of motion Eq. 3.8 is
M11q¨r +Lr(q, q˙) = Wg{fm} (3.9)
Where it can be solved for q¨r
q¨r = M11
−1(Wg{fm} −Lr(q, q˙)) (3.10)
The right-hand side of Eq. 3.10 is considered as a new intermediate control input v [219].
This results in an equivalent linear system
q¨r = v (3.11)
We define the tracking error as q˜r = qr − qrd . Letting
v = q¨rd − 2λ ˙˜qr − λ2q˜r , λ > 0 (3.12)
48
3.2. Methods
results in an exponentially stable closed-loop dynamics for Eq. 3.11. Having defined v,
the function mapping MHHm and accordingly Wg{fm} can be achieved by substituting
q¨r from Eq. 3.11 into Eq. 3.9. Given that the raw size of {fm} is larger than the rank of
Wg, a static optimization is used to arrive at a set of nontrivial muscle force magnitudes
({fm}):
min. {fm}T E {fm}
s.t. M11v +Lr(q, q˙) = Wg{fm}
{fm}min ≤ {fm} ≤ {fm}max
(3.13)
Where E is a weighting matrix consisting of the physiological cross section areas of the
muscles, and {fm}min and {fm}max are the lower and upper bounds on the muscle force
magnitudes, respectively [52]. The cost function is the sum of squares of the muscle
stresses [14].
3.2.4 Simulation of the framework
For a given desired rotational trajectory (qrd), the developed framework allows forward-
dynamics simulation of the GH joint model with six DOFs (Fig. 3.3). The muscle
force magnitudes ({fm}) are defined by the forward-dynamics framework such that the
rotational generalized coordinates and velocities (qr and q˙r) of the GH joint follow
their associated desired trajectories (qrd and q˙rd). The forward-dynamics framework
consists of a feedforward and a feedback controller. The feedforward controller defines
the gross control input based on Eq. 3.10, and the feedback controller has a fine action to
compensate for the tracking errors Eq. 3.12. The rotational motions of the joint together
with the muscle forces that are applied to generate these rotational motions may lead
to GH joint translations. The evolutions of these translations are captured through the
three translational DOFs (qt) of the GH joint model.
The deformable articular contact model defines the contact forces (Fc). At each time
step of the simulation, the contact force (Fc) is defined as the resultant force of all the
f ci forces. For the sake of computational efficiency of the simulation, a point search
algorithm is developed using the techniques defining the intersection of two quadric
surfaces [220]. Among all the hi points constructing the humeral head surface, it provides
at each time step a subset for which the penetration occurs. The contact model of Eq.
3.5 is smoothened using a continuous approximation of the heaviside function.
A smooth motion representing 150o abduction in the scapula plane is simulated. The
motion is performed in 7.2 s. The Runge-Kutta-Fehlberg method [221], which combines
a fourth and a fifth order Runge-Kutta scheme for error control is used to solve the
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qrd
-
{fm}
Fc [
qr
qt
]feedforwardcontroller
feedback
controller
deformable
articular
contact model
shoulder model
with 6 DOF
GH joint
Figure 3.3: A block diagram representation of the developed framework. The contact force (Fc)
is defined by the deformable articular contact model. The muscle force magnitudes ({fm}) are
defined by the feedforward and the feedback controller such that the three rotational DOFs (qr)
of the GH joint follow a given desired rotational trajectory (qrd). The HHT is captured through
the three translational DOFs (qt).
equations of motion.
The GH joint model with six DOFs is evaluated for the simulated motion within
the developed framework. The results are presented in terms of the HHT relative to
the glenoid, the GH joint contact force, the contact area, the contact pressure on the
glenoid cartilage, and the maximum normal strain of the glenoid cartilage. They are also
compared with the associated results from the literature wherever it is possible. The
evolution of the HHT is resolved along with the arm abduction in three directions of a
frame attached to the glenoid fossa, including inferior-superior, posterior-anterior, and
lateral-medial. The glenoid frame is constructed from the scapula frame (Fig. 3.2) by two
transformations. First, the scapula frame is shifted by (rg − rh) in the negative direction
of zs to the origin of the glenoid frame. It is then rotated along ys and xs to account for
the glenoid fossa orientation according to [119]. A similar GH joint model but with 3
DOF (ideal ball-and socket) is also simulated and its associated contact force is presented.
3.3 Results
The humeral head center translated relative to the glenoid frame from an inferior position
superiorly until 90o abduction and then translated inferiorly (Fig. 3.4a). The range
of inferior-superior HHT was around 2.5 mm. The humeral head center translated
posteriorly from a central position and lied posteriorly throughout the simulated motion,
whereas it translated anteriorly from 60o to 100o abduction (Fig. 3.4b). The range of
posterior-anterior HHT was less than 0.5 mm. The humeral head center translated in the
medial direction till 90o abduction and translated laterally afterward (Fig. 3.4c). The
maximum HHT in the medial direction was less than 1.2 mm.
The GH joint contact force increased to 660 N (87% of the bodyweight) at 90o
abduction and decreased afterward (Fig. 3.5). The difference between the contact forces
predicted by the three DOF and the six DOF GH joint model was less than 6%.
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The contact area increased initially by the abduction and decreased afterward (Fig.
3.6). The distribution of the contact pressure applied on the glenoid cartilage varied by
the arm abduction (Fig. 3.6). The maximum contact pressure increased from 0.50 MPa
at 30o abduction by 130% at 90o abduction and decreased thereafter to almost its initial
amount by the end of the motion. Positions on the glenoid fossa where the maximum
contact pressure was applied (center of pressure) from 30o to 145o of the arm abduction
lied in the superior-posterior quarter of the fossa.
The maximum normal strain of the glenoid cartilage increased from 0% at 0o abduction
to almost 31% at 90o abduction that was around 1.1 mm of the thickness of the deformable
layer covering the glenoid fossa (Fig. 3.7). It decreased afterward to almost 24% until
the end of arm abduction.
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Figure 3.4: The HHT was resolved in three directions of the glenoid frame, namely inferior-
superior (a), posterior-anterior (b), and lateral-medial (c). The associated results from the in
vitro [127], in vivo [8, 128, 129, 131], and numerical [120, 122–124] studies were also shown.
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Figure 3.7: The maximum normal strain of the glenoid cartilage varied with the arm abduction.
3.4 Discussion
The aim of this study was to develop a framework that allowed forward-dynamics
simulation of a shoulder model consisting of a GH joint with six DOFs associated to
rotations and translations of the humerus in the glenoid fossa. The model thus provided
the HHT during controlled elevation of the arm. We showed that a forward-dynamics
framework addressing HHT required extra information about the glenohumeral contact.
To that end, a deformable articular cartilage layer was included, providing a mapping
from the generalized coordinates and velocities to the contact forces. The musculoskeletal
model (framework) was tested and verified during a movement of abduction in the scapula
plane. We specifically analyzed the HHT, the GH joint contact force, the contact area,
the contact pressure, and the cartilage strain. These results were indirectly validated by
comparison with in vivo, in vitro, and other numerical studies.
The initial inferior position of the humeral head center could be explained by the fact
that the passive structures (ligaments, capsule, and labrum) surrounding the GH joint
were lax when the joint was in its neutral configuration. Then until 30o abduction, the
humeral head center experienced a superior translations that placed it in a rather central
position. This was due to an upward pull by the muscles that has been already reported
in [58, 67]. The upward pull was compensated by the contact force, producing a cartilage
deformation (about 22% strain). After this first phase, the humeral head center remained
in the superior-posterior quarter of the glenoid fossa.
A large variability of HHT was reported in the literature. Therefore, a rigorous
validation of the HHT estimated by our framework was not possible. However, the trend
of predicted inferior-superior HHT was consistent with the most commonly reported
pattern ([120, 122, 123, 127, 128]). The range of translation also corresponded well with
the literature ([128], [8], and [127]).
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The predicted GH joint contact force was consistent with in vivo measurements [199]
and the other numerical predictions [13, 120, 122, 222], at least up to 90o abduction.
There was indeed less than 8% difference between our estimation of the contact force at 90o
abduction than with measuremens of instrumented prostheses [199]. However, there was
no clear consensus after 90o between the contact force estimated by the different studies
mentioned. We indeed observed that contact pressure decreased after 90o abduction.
Therefore, the contact force could be expected to exhibit the same descending behavior
after 90o abduction.
The difference between the contact force predicted by the framework while considering a
three DOF and a six DOF GH joint model was negligible for the simulated slow abduction
motion. This supported the ideal ball-and-socket approximation of the GH joint for the
force prediction applications. However, it should be noted that this difference could be
more noticeable in case of simulation of a more dynamic motion. More specifically, this
difference was caused by neglecting the linear acceleration of the humeral head center in
the three DOF joint model. These linear accelerations resulted from the translational
motion of the GH joint. Therefore, the faster these neglected translations were, the
greater the difference between the contact force predicted by the three DOF and the six
DOF GH joint model would be. The muscle force prediction of the three DOF model
was already validated against EMG measurements in our previous work [223].
A discrepancy existed between the predicted contact area and in vitro measurements
([224, 225]). For instance, the predicted contact area was on average almost 2.8 and 4
times larger than the experimental measurements reported in [224] and [225], respectively.
However, given the practical differences in the definition of contact between our approach
and the in vitro studies, the observed discrepancy was expected. In our model, any
infinitesimal surface on the humeral head with an infinitesimal penetration in the glenoid
fossa was considered to be in contact. On the other hand, in the in vitro studies the
definition of contact was subjected to the measurement precision. In a real joint, we
could reasonably assume a full contact between the two deformable cartilage layers.
The predicted contact pressure was consistent with the literature, e.g. [124, 225]. For
example, the maximum contact contact pressure predicted by our framework and the
in vitro study in [225] at 60o was 0.93 MPa and 0.91 MPa, respectively. The predicted
center of pressure in the superior-posterior quarter of the glenoid fossa was also consistent
with the literature [122, 124, 128].
The application of forward-dynamics simulation together with the deformable articular
contact model allowed us to solve the differential equations of motion of the GH joint
with 6 DOF. Therefore, the dynamic effects of motion were naturally included in the
translations predicted by our framework. Indeed, the first and second derivatives of the
translational degrees of freedom were neglected in the previous studies (e.g. [119, 122, 124])
in order to transform the differential equations of motion to a set of algebraic equations.
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The indeterminacy associated with the unknown contact force was resolved by incor-
porating a function mapping that defined the unknown contact force in terms of the
joint kinematics. The function mapping was defined using a viscoelastic contact model.
However, the necessity of incorporating a function mapping to resolve the indeterminacy
should be distinguished from the methodology used to find this function mapping. In
other words, a function mapping that defines the unknown contact force in terms of the
joint kinematics is necessary to resolve the indeterminacy. However, there are several
methodologies to define such a function mapping. For instance, given the viscoelastic
characteristic of the in vivo GH joint, we used a viscoelastic contact model to define the
associated function mapping. Whereas, one can consider an elastic contact model or a
friction model to find an associated function mapping.
The developed framework included a multibody musculoskeletal model together with
a representation of the cartilage contact mechanics. It therefore provided an integrated
solution to study the relationship between joint kinematics, muscle forces, and cartilage
stress. Indeed, the common approach in the literature consists of two steps. First a
musculoskeletal model is used to define the rotational joint kinematics as well as the
muscle forces. Then, a finite element analysis is performed to define the translational
joint kinematics and the cartilage stress based on the results provided from the first step.
One of the limitations of the present study was that we focussed on the GH joint itself
without considering the effect of the adjacent bones. Future development should therefore
incorporate a large-scale model of the shoulder into the framework. The second limitation
referred to the spherical approximation of the humeral head. However, it is straightforward
to integrate more realistic anatomical geometries in the developed framework. The third
limitation was associated with neglecting the GH joint passive structures (ligaments,
capsule, and labrum) in the evaluated shoulder model. However, given that they are lax
except for the extreme positions of the joint [67], their contribution for the simulated
motion was expected to be negligible. Furthermore, to simulate motions involving the
joint extreme positions, inclusion of these passive structures in the framework is necessary.
To that end, a model of the passive structures defining their associated force as a function
of joint kinematics (e.g. see [226]), would be integrated in the framework in our future
developments. Another limitation was related to the fact that the articular contact was
approximated as a rigid-to-deformable contact (rigid humeral head in contact with the
deformable glenoid fossa). It simplified the formulation of the contact problem provided
that the deformation of one contacting component was only involved. However, this
deviated from the more complex deformable-to-deformable contact of the in vivo GH
joint.
In conclusion, we developed a framework based on a joint application of a forward-
dynamics simulation and a deformable articular contact to simulate a human shoulder
model including a six DOF GH joint model. It not only provided estimations of muscle and
joint reaction forces (similar to three DOF GH joint models) but also allowed estimations
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of HHT, contact areas, and contact pressure. The latter is required to broaden our
understanding of the GH joint stability and more crucially to design shoulder prostheses.
This novel framework had three main advantages. First, given that the dynamic equations
of motion were solved forward in time, the dynamic effects of motion were naturally
considered despite the previous numerical [119, 121, 122, 124, 125] and in vivo [8, 129, 131]
studies. Second, a nonlinear viscoelastic approximation was used for the articular contact.
Third, it provided an integrated solution for the study of the GH joint function that
dealt simultaneously with the joint kinematics and mechanics. The results were in a good
agreement with the ones from the literature. In a next step, the proposed framework
could be populated with subject-specific morphological data to account for effects of
inter-individual anatomical variabilities on GH joint functions during ADL. The proposed
methodology could also be translated for clinical applications related to the treatment
of osteoarthritis by TSA. Furthermore, outcomes of the proposed simulation framework
could be applied for biomechanical analysis and design of available and forthcoming
shoulder prostheses.
57

4 Motion reconstruction in upper
extremity in the absence of scapula
kinematics measurement-devices
This chapter is a preprint version of the following self-authored article that has been
submitted to Journal of Biomechanics.
Ehsan Sarshari, Matteo Mancuso, Alexandre Terrier, Alain Farron, Philippe Mullhaupt,
Dominique Pioletti, “Motion reconstruction in upper extremity in the absence of scapula
kinematics measurement-devices”, BM-D-18-00419, 2018.
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Abstract
Videogrammetry systems are commonly used for recording upper extremity motions. They
measure trajectories of skin-fixed markers that are placed on their associated palpable
bony landmarks. The glenohumeral joint center (GH) is not a palpable bony landmark.
Therefore, it cannot be tracked by videogrammetry systems. But, the GH is required for
reconstructing the motions. Hence, it is commonly estimated by separately measuring
scapula motions using scapula kinematics measurement-devices (SKMD). Applications of
SKMD are neither straightforward nor always noninvasive. Therefore, this study aims at
reconstructing videogrammetry-based measured motions of the upper extremity in the
absence of SKMD. To this end, a method is proposed estimating the GH using trajectories
of few markers and an MRI scan of an understudy subject’s glenohumeral joint. Two
scenarios are considered to evaluate the method. In scenario 1, a numerical method is used
to conceptually generate markers trajectories including the GH, during an arm flexion.
The generated GH is considered as the actual GH and is intentionally excluded from the
trajectories. The method is then used to estimate it. In scenario 2, an arm abduction
is measured using a videogrammetry system. It is reconstructed using multi-segment
optimization after estimating GH. The results are presented for the scenario 1 in terms
of the distance and normalized root mean square errors (NRMSE) of the estimated GH
with respect to the actual GH, and for the scenario 2 as the reconstructed joints angles
and their NRMSE with respect to in vivo studies. The estimated GH stays within 5 mm
distance to the actual GH. Also, the reconstructed joint angles have excellent agreements
with the in vivo studies (e.g. NRMSE of scapular posterior/anterior tilt> 0.91).
4.1 Introduction
Accurate estimations of upper extremity kinematics are essential. Because, they are
correlated to upper extremity pathologies [138, 139]. They can also alter force predictions
obtained using inverse dynamics [49].
Videogrammetry systems are extensively used for noninvasive measurements of upper
extremity kinematics [91]. They track trajectories of skin-fixed markers. These markers
are placed on palpable bony landmarks used to define configurations of each bone segment
in a kinematic model. The markers trajectories are subject to relative movements of
the skin with respect to their underlying bony landmarks (soft tissue artifacts) [140].
For instance, up to 48% of the humeral axial rotation was shown to be influenced by
soft tissue artifacts [141]. Therefore, a so-called multi-segment optimization is used to
exclude the effects of soft tissue artifacts [74, 142]. It reconstructs a measured motion by
minimizing the overall distance between all the measured markers and the model bony
landmarks [50]. The evaluation of the overall distance requires a one-to-one association
between the bony landmarks and the measured markers. However, it is not possible to
palpate and measure the GH. Because, the GH is a conceptual bony landmark defined as
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the center of a sphere approximating the humeral head [143].
Several methods have been developed to estimate the GH. They can be broadly
divided into two categories, namely formal methods [144–149] and predictive methods
[150–153]. The formal methods estimate the GH by finding either the closet point to all
the instantaneous helical axes of the humerus [144–147] or the center of a sphere passing
through humerus markers [148, 149]. The predictive methods provide estimations of the
GH either through regressive equations between scapula markers and the GH [150–152] or
generic offsets from one of scapula markers [152, 153]. The formal methods provide more
accurate GH estimations and are preferred over predictive methods whose accuracy drops
significantly during arm motions [147, 152]. Given that the predictive methods are based
on anthropometry studies, they fall short of replicating inter-individual differences [152].
The main limitation of the formal methods is their dependency on SKMD. A majority of
the predictive methods also require SKMD, otherwise their estimations are impractical
(±5 cm error) [153].
Scapula motions cannot be adequately measured by videogrammetry systems [154].
Because, among its four palpable bony landmarks, trigonum scapulae (TS) and angulus
inferior (AI) are heavily masked by soft tissues [155, 156], and only angulus acromialis (AA)
and acromioclavicular (AC) can be practically tracked. Hence, SKMD are alternatively
used to measure its motions. An intracortical bone-fixed pin drilled into scapula was
introduced [157]. It was invasive and compromised the motion by causing pain. Regressive
equations were also derived providing estimations of scapula kinematics based on the
thoracohumeral joint angles [45, 46, 158–161]. But, information of the thoracohumeral
joint angles required a priori knowledge of the GH. Their accuracy was also limited to
small ranges of motion. Manual palpation of the scapula surface and application of a
so-called scapula locator fixture were proposed in [162, 163] and [164, 165], respectively.
But, they are neither time efficient nor practical during arm motions [166]. A marker tree
including three markers was fixed to the acromion to track the scapula [167]. However,
this so-called acromion marker cluster tended to move medially with the skin during
abduction [168] and was very sensitive to its initial placements [169].
Therefore, the aim of this study is to reconstruct a videogrammetry-based measured
motion of the upper extremity including scapula in the absence of SKMD. To this end, a
method for estimating the GH and consequently TS and AI is developed. The method is
evaluated through two scenarios. Scenario 1 is purely numerical with no measurements
involved. The accuracy of the method estimations for the GH are evaluated by their
distance and NRMSE relative to conceptually generated GH. In scenario 2, the method
is used to estimate the missing GH, TS, and AI for a measured motion by a VICON
videogrammetry system. Multi-segment optimization is then used to reconstruct the
motion in terms of joints angles. Given the importance of the scapula kinematics [49],
the estimated acromiclavicular joint angles are presented together with their in vivo
measurements from [138, 139].
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4.2 Methods
A kinematic model is developed for the upper extremity based on 14 bony landmarks
(Section 4.2.1). The VICON videogrammetry system is used to measure trajectories of
11 skin-fixed markers during an abduction motion (Section 4.2.2). No SKMD is used,
and instead a method is developed to estimate GH, TS, and AI (Section 4.2.3). An
optimization routine is included in the method to compensate the effects of soft tissue
artifacts on GH estimations. Multi-segment optimization is used to reconstruct the
measured motion that is completed by the estimated landmarks (Section 4.2.4). Finally,
two scenarios are presented for evaluating the method (Section 4.2.5). In scenario 1, no
measurement is involved. A numerical method from [100] is adapted to conceptually
generate markers trajectories for an arm flexion. Soft tissue artifacts are numerically
replicated and added to the data. Our method is used to estimate the GH, while it is
excluded from the data and is kept for evaluating the estimations. A predictive method
from [152] is also used to estimate the GH for the same trajectories. In scenario 2, the
measured motion of Section 4.2.2 is reconstructed in terms of joint angles. A first order
approximation [227] is used to approximate sensitivities of the estimated joint angles to
variations in the measured data caused by soft tissue artifacts.
4.2.1 Kinematic model
A kinematic model of the upper extremity is developed from MRI scans of the right
shoulder of a healthy male subject (29 year, 186 cm, and 85.5 kg) (Fig. 4.1a). It consists
of six rigid bodies including thorax, clavicle, scapula, humerus, ulna, and radius that
is rigidly tied with hand. It has nine DOFs attributing to three ball-and-socket joints
including sternoclavicular (SC), acromioclavicular (AC), and glenohumeral (GH) joints
and two hinge joints associating with humeroulnar (HU) and radioulnar (RU) joints
and two holonomic constraints (Fig. 4.1b,c). The constraints restrict TS and AI on the
scapula medial boarder to glide over the ribcage. At least three non-collinear points (bony
landmarks) are considered to define configurations of each bone segment, except for the
clavicle that only two bony landmarks can be discerned. Three bony landmarks on the
humerus including medial epicondyle (EM), lateral epicondyle (EL), and their middle
point are borrowed for the ulna and the radius. Six bone-fixed frames are considered
for each of the bone segments following the ISB recommendations [201], with the thorax
being the inertial frame. However, the ISB recommendation results in non-physiological
configurations of forearm relative to humerus [202]. Therefore, reference configurations
are introduced based on the MRI scans that despite the ISB recommendations do not
require alignments of the ulna and radius frames with respect to their proximal bones.
The joints coordinates are also considered according to ISB recommendations. An Euler
angle sequence of X−Y −Z is considered for the SC and AC joints, whereas Z−Y −Z is
used for the GH joint. Eleven generalized coordinates (q = [q1 . . . q11]T ) are considered
to uniquely define each joint configuration. The forward kinematics map (ξ) associated
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to the developed kinematics model defines the coordinate of the jth bony landmark (xj)
for a given joint configuration (Eq. 4.1).
ξ : Cs ⊂ R11 7→Ws ⊂ R3
ξ(q(t)) = xj(t), j = {C7, . . . , RS}1×14
ΦTS(q(t)) = 0
ΦAI(q(t)) = 0
(4.1)
Where, Cs and Ws are the coordinate space and work space of the upper extremity [228].
Two holonomic constraints (ΦTS = 0 and ΦAI = 0) are also considered to account for the
kinematic relationships between the scapula and the thorax (Eq. 4.2). They constrain TS
and AI to lie on ellipsoids approximating the ribcage and their underlying soft tissues.
ΦTS(q(t)) = (tTS(t)− te0)TETS(tTS(t)− te0)− 1 = 0
ΦAI(q(t)) = (tAI(t)− te0)TEAI(tAI(t)− te0) − 1 = 0
(4.2)
Where, the left-hand side subscript t denotes that the landmarks are in the thorax frame.
The ellipsoids center is te0, and ETS and EAI are the matrices corresponding to each of
the ellipsoids [229].
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Figure 4.1: (a) An MRI scan of a healthy male subject is used to developed a kinematic model of
the upper-extremity. It consists of six rigid bodies, including thorax, clavicle, scapula, humerus,
ulna, and radius together with hand. (b) At least three bony landmarks are considered in the
kinematics model for each bone segments (14 bony landmarks in total), except for clavicle that
only 2 bony landmarks (SC and AC) can be discerned. Bony landmarks from the proximal
bone segments are used for both ulna and radius. (c) The nine DOFs of the model attribute to
11 joint angles of SC, AC, GH, HU, and RU joints and 2 constraints associated with relative
movements of scapula with respect to thorax. Eleven generalized coordinates are therefore
considered (q = [q1 . . . q11]T ) to span the joint space of the model. (d) The bony landmarks TS,
AI, and GH are not practically palpable. VICON videogrammetry system is used to track the
trajectories of the skin-fixed markers placed on their associated palpable bony landmarks.
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4.2.2 Measurements
Eleven palpable bony landmarks are palpated using skin-fixed markers on the same
subject, including incisura jugularis (IJ), processus xiphoideus (PX), 7th cervical vertebra
(C7), 8th thoracic vertebra (T8), SC, AC, AA, EM, EL, radial styloid (RS), and ulnar
styloid (US) (Fig. 4.1d). The markers trajectories are recorded using an 8-camera VICON
videogrammetry system (VICON, UK) at 100 Hz sampling frequency. They are captured
while the subject performs an abduction motion in the scapula plane with a fully extended
forearm. The abduction motion is repeated for 10 trials with an average speed of 2.4
s/trial (0.42 Hz).
The recorded data is partitioned for each trial and is low-passed filtered using an 8
order zero-phase Butterworth filter. The cut-off frequency of the filter is obtained through
residual analysis of the data and is cross checked with associated values from harmonic
analysis [91]. Then, the means and standard deviations (σ) of the filtered trajectories
corresponding to the 10 trials are obtained.
4.2.3 Estimation of GH, TS, and AI
The overall distance of the multi-segment optimization cannot be evaluated, except
estimations of the missing landmarks GH, TS, and AI are provided. This section presents
our method to estimate the GH for given trajectories of AC, AA, EM, and EL. Build on
the resulting estimations for the GH, estimations for TS and AI are also obtained.
The ball-and-socket approximation of the glenohumeral joint implies that the GH is a
point shared between the scapula and the humerus (Fig. 4.2). Therefore, its positions as
a point either on the scapula or on the humerus should result in the same point in the
thorax frame. This can be concisely written as
t
hR(α) hGH + tEM =
t
sR(β) sGH + tAC (4.3)
Where, thR(α) and
t
sR(β) are rotation matrices from the humerus and the scapula frames
to the thorax frame. They are defined in Eq. 4.4 using Rodrigues’ rotation formula [11].
The left-hand side subscripts h and s specify that the landmarks are in the humerus and
the scapula frames, respectively. The hGH and sGH are constant quantities and are
obtained from an MRI scan of the understudy subject’s glenohumeral joint.
t
hR(α) = dhdh
T + cosα(I − dhdhT ) + sinα[dh]
t
sR(β) = dsds
T + cosβ(I − dsdsT ) + sinβ[ds]
(4.4)
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Figure 4.2: Given that the bone segments are assumed to be rigid, the ball-and-socket approxi-
mation of the glenohumeral joint implies that GH belongs to both humerus and scapula. The
proposed method provides estimations of the GH in the thorax frame (tGH) for given positions
of AC, AA, EM, and EL markers (tAC, tAA, tEM, and tEL). The left hand-side subscripts t
denotes that the landmarks are expressed in the thorax frame. The estimated tGH lies on the
intersection of two line segments in planes perpendicular to dh and ds. These two line segments
form two angles (α and β) with respect to reference axes in their associated planes. The resulting
angles can be found by solving Eq. 4.3.
Where, dh = tEM− tEL and ds = tAC− tAA, and α and β are the unknown rotation
angles of the humerus and the scapula around dh and ds. The cross product matrices
corresponding to dh and ds are denoted by [dh] and [ds], respectively.
Equation 4.3 can be solved for α and β for each frame of measurement data using a
nonlinear root search method (for instance fminsearch of Matlab). Each of the resulting
α and β provides an estimation for the GH in the thorax frame (tGH). The resulting
two estimations are coincide within the accuracy of the root search method, if the relative
positions of the AA with respect to AC and EM with respect to EL do not change.
However, given that the measured positions of AC, AA, EM, and EL are subject to soft
tissue artifacts, the resulting two estimations of tGH will come apart. More specifically,
the tangential movements of EM and EL along the longitudinal axis of humerus due to soft
tissue artifacts [168] can split up the resulting two estimations. Therefore, the following
optimization is casted to minimize the distance between the resulting two estimations by
compensating the effects of soft tissue artifacts on EM and EL positions.
min
µ
. (tGHeh(α,µ)− tGHes(β))2
s.t. |µ| ≤ C
(4.5)
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Where, tGHeh and tGHes are the resulting estimations obtained through the humerus
and the scapula frames, respectively. The decision variable µ is a 3× 1 vector that adds
to dh in order to compensate soft tissue artifacts on EM and EL. It is bounded also by C
to vary in accordance with the reported values for EM and EL soft tissue artifacts (C = 3
cm is used here according to [168]).
The estimated GH together with the measured AC and AA provide three points on
the scapula. Therefore, the TS and the AI are readily estimated, given that they also
belong to the same bone segment.
It is worth noting that Eq. 4.3 has an intuitive geometrical interpretation. In fact,
it estimates GH by intersecting four spheres centered at AC, AA, EM, and EL. Their
radii can be defined from a single MRI scan of the glenohumeral joint of the understudy
subject. This intersection can be defined using the intersection theory of quadric surfaces
[229].
4.2.4 Multi-segment optimization
The multi-segment optimization defines the joint angles (qi) for each frame of the measured
data (i) such that the overall distance between the measured markers (xej ) and their
associating bony landmarks (xmj ) is minimized, while satisfying the forward kinematics
map (Eq. 4.6). For GH, TS, and AI their estimations are considered on behalf of their
missing measured trajectories.
min
qi
.
∑
j(xmj,i(qi)− xej,i)TW (xmj,i(qi)− xej,i)
s.t. ΦTS(qi) = 0
ΦAI(qi) = 0
(4.6)
Where, j = {C7, . . . , RS}1×14, and W is a positive definite weighting matrix. This
optimization is a nonlinear programming problem [230] that can be solved using iterative
numerical methods for each i upon providing a viable initial guess for the qi. The function
fmincon of Matlab is used in this study, while qi=1 = 0 is considered for the first data
frame and the resulting qi−1 is used as an initial guess for finding qi.
4.2.5 Evaluation scenarios
Two scenarios are considered to evaluate the method. The scenario 1 is purely numerical
with no measurements involved. The scenario 2 uses the measured trajectories of Section
4.2.2.
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Scenario 1: A numerical method from [100] is used to conceptually generate trajec-
tories. They are associated to all the 14 bony landmarks during an arm forward flexion.
The GH is excluded from them and considered as the actual GH (tGHa). Soft tissue
artifacts are numerically generated according to [231, 232] and added to the resulting
trajectories. They are defined as a sinωt+ φ, where a lies between 1 cm to 3 cm, and ω
and φ are set to be smaller than 4 Hz and 2pi, respectively. The resulting trajectories are
considered as pseudo-measurement data. The method is used to estimate the GH from
AC, AA, EM, and EL of the pseudo-measurement data.
Furthermore, a predictive method introduced in [152] is also used to estimate the GH
from the same pseudo-measurement data. It does not require SKMD either and estimates
the GH based on offset equations in terms of AC, AA, IJ, and C7.
The results are presented in terms of the distance between the estimated GH positions
(tGHe) and tGHa, i.e. |tGHa − tGHe|. NRMSE of the tGHe with respect to tGHa is
also calculated (Eq. 4.7) and presented.
NRMSEk = 1− |tGHak − tGHek ||tGHak −mean(tGHak)|
(4.7)
Where, the index k denotes each data frame of the pseudo-measurement data. NRMSE
varies from −∞ to 1, and NRMSE= 1 denotes a perfect estimation.
Scenario 2: Our proposed method is used to estimate GH, TS, and AI from the
measured abduction motion. Then, multi-segment optimization is used to reconstruct
the motion in terms of joints angles.
Sensitivities of the resulting joint angles (q(∆x)) to variations in the measured
trajectories around their means (∆x) are also approximated. To this end, a first order
approximation is used (Eq. 4.8) [227].
q(∆x) = q? +M−1N∆x+O(|∆x|) (4.8)
Where, q? is the solution of the multi-segment optimization associated with the means of
the measurements. The matrices M and N are defined as follows.
M =
 ∇2L ∇ΦTS ∇ΦAI∇ΦTS 0 0
∇ΦAI 0 0
 , N = [− ∂∂∆x(∇L) −∂ΦTS∂∆x −∂ΦAI∂∆x ]T (4.9)
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Where, L is the Lagrangian of multi-segment optimization (Eq. 4.6).
The results are presented in terms of the 11 joints angles. They consist of SC joint angles
including axial rotation, depression/elevation, and protraction/retraction, AC joint angles
including posterior/anterior tilt, downward/upward rotation, and protraction/retroaction,
GH joint angles including axial rotation, adduction/abduction, and flexion/extension,
HU joint extension/flexion, and RU joint pronation/supination. Given the importance
of the scapula kinematics, the AC joint angles from in vivo measurements of [138, 139]
are also presented. The angles sensitivities to ±1σ variations of the markers trajectories
around their means are also illustrated. The joints angles are presented with respect to
the thorax frame, except for the HU and the RU angles that are given with respect to
their proximal joints. All the joints angles are shown along the arm abduction angle.
4.3 Results
Scenario 1: The distance of tGHe to tGHa stayed at almost 0 mm until 20% of the
arm flexion (Fig. 4.3a). It increased to 5 mm at the end of the motion. The NRMSE also
showed a perfect estimation for the beginning of the motion (NRMSE ≈ 1). It dropped
to around 0.96 at the end of the arm flexion (Fig. 4.3b).
Scenario 2: Nonzero angles were estimated for all the joint angles, except for the
axial rotation of the SC joint (Fig. 4.4).
SC joint motion: The estimated motion of the SC joint was characterized by an
increase of 16o and 26o in clavicular elevation and retraction from 28o to 45o, and 13o to
39o during the arm elevation, respectively. They were equally affected by variations in
the landmarks trajectories (about 13o).
AC joint motion: The scapular posterior tilt increased by 5o from an anteriorly tilted
configuration of −11o to −6o. The scapular upward rotation increased from a neutral
position of 0o by 30o. The scapular protraction decreased by 7o from 26o to 19o. The
sensitivity of scapular angles to variations in the landmarks trajectories were 5o, 13o,
and 6o for posterior/anterior tilt, downward/upward rotation, and protraction/retraction
angles, respectively.
GH joint motion: The humerus rotated externally by 49o from an internally orientated
configuration of 19o to −30o. It abducted 68o from −30o to −98o. The humeral flexion
angle increased by 30o from 1o. The humeral axial rotation and adduction/abduction
angles were more sensitive to the variations in landmarks trajectories comparing to that
of flexion/extension angle (equally 14o that is almost 250% more).
Elbow motion: The forearm flexed 6o from a fully extended configuration (0o flexion).
The radioulnar supination increased by 9o from −51o (the palm of the hand faced
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Figure 4.3: Scenario 1, (a) distance of the estimated GH to its actual position, (b) NRMSE of
the estimated GH with respect to its actual position, during arm flexion. The GH estimations
from predictive method of [152] were also presented.
anteriorly) to −60o. Forearm angles had the highest sensitivities to variations in the
landmarks trajectories comparing to all the other joint angles (17o and 22o for HU and
RU, respectively).
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Figure 4.4: Scenario 2. The measured abduction motion in the scapula plane was reconstructed
in terms of the 11 joint angles of the upper extremity. The angles sensitivities to ±1σ variations
in the landmarks trajectories around their means were presented as the shaded area. The AC
joint angles measured in vivo by [138, 139] were also presented, given the importance of the
scapula kinematics.
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4.4 Discussion
The aim of this study was to reconstruct a videogrammetry-based measured motion of the
upper extremity in the absence of SKMD. To this end, a kinematic model of the upper
extremity was developed. Trajectories of skin-fixed markers during an arm abduction
were measured using VICON videogrammetry system. Trajectories of GH, TS, and AI
were missing from the measured trajectories. Because, GH was not palpable. Both TS
and AI were masked with thick layers of soft tissues and were not practically trackable.
Therefore, a method was proposed to estimate GH, TS, and AI. It could compensate
for the soft tissue artifacts. Two scenarios were considered to evaluate the method. In
the scenario 1, our method was used to estimate the GH for pseudo-measurements data
associated with an arm flexion. In the scenario 2, build on the resulting estimations for
GH, TS, and AI, the multi-segment optimization was used to reconstruct the measured
motion. We evaluated for the scenario 1 the accuracy of the GH estimations. For the
scenario 2, we analyzed the upper extremity joints angles, including 11 joint angles of the
SC, the AC, the GH, the HU, and the RU joints. The resulting AC joint angles were also
compared to the in vivo measurements.
For the scenario 1, our method provided accurate estimations for the GH. They stayed
within less than 5 mm distance to the actual GH throughout the motion. Their NRMSE
decreased from 1 to almost 0.96, illustrating less accurate estimations toward the end of
motion. This could be associated to the increase in the simulated soft tissue artifacts.
The increasing trend considered for soft tissue artifacts was consistent with previous in
vivo observations [231, 232].
The predictive method introduced in [152] was also used. Its GH estimations were at
least 290% further apart comparing to our method. For the sake of a fair comparison, it
is worth mentioning that our method required an MRI scan of the understudy subject.
This is not the case for predictive methods developed for GH. However, their development
relied on an extensive data set of cadaveric studies.
For the scenario 2, the reconstructed joints angles were consistent with the in vivo
[138, 139] and previous numerical [49, 233] studies. However, the model overlooked
the clavicular axial rotation. Several in vivo studies reported variations from 0o to 30o
for the clavicular axial rotation during arm abduction [130, 139]. Given that only two
landmarks could be discerned to define the clavicle configuration, this result was expected.
Several approaches were used in the literature to enforce the clavicular axial rotation. For
example, the AC joint rotations were minimized by constraining the elongation of the
conoid ligament [162]. But, the conoid ligament could elongate independently of clavicular
axial rotations [28]. Also, assuming minimal rotations for the AC joint was questionable
[130]. The clavicular axial rotation could be enforced using an extra constraint for q1 in
Eq. 4.6. But, this required further tuning if the clavicular axial rotation was not a priori
known for the reconstructed motion. Nevertheless, only few weak muscles are attached
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to the clavicle. Therefore, underestimating its axial rotation could be expected to have
negligible effects on muscle and joint force predictions [28].
The estimated AC joint angles were in good agreements with the in vivo measurements [138,
139]. More specifically, NRMSE between the estimated scapular posterior/anterior tilt and
the measurements of [138] and [139] were at least 0.99 and 0.91, respectively. The NRMSE
between the estimated scapular downward/upward rotation and the measurements of [139]
was very low (-0.39 in the beginning and above 0.51 afterward). But, it was consistent
with the results of [138] (NRMSE above 0.77 throughout the motion). The zero downward
rotation estimated by our model placed the scapula in a rest position for the beginning
of motion and was commonly reported [49, 154]. But, the associated angle according to
[139] was −16o. The estimated scapular protraction/retraction was well consistent with
both in vivo measurements (NRMSE above 0.81).
The forearm joints angles had the highest sensitivities to variations in the markers
trajectories. This could be explained by the propagation of the errors introduced through
proximal bone segments. However, a profound sensitivity analysis was required to study
the effects of uncertainties in markers trajectories on the estimated joints angles. The
sensitivity analysis could illustrate relative influences of different markers on the estimated
joints angles. Provided this, special attention could be paid to more robustly capture the
trajectories of the influential markers.
The multi-segment optimization was solved for joints angles in each frame of the measured
data. Therefore, there was no guarantee that the resulting joints angles were continuous.
Continuity of the resulting joints angles is an essential attribute if they are going to be
used in inverse dynamics for muscle force predictions [193, 234]. Therefore, the resulting
joints angles are commonly smoothened by fitting continuous curves (often polynomials)
[50, 142]. The downside of this approach is that the resulting continuous curves might
not satisfy the kinematic constraint of the forward kinematic map.
A major limitation of this study was that only one subject participated. More subjects
could allow a better evaluation of the proposed method, specially its performance in
dealing with inter-individual differences. Given that the method required an MRI scan of
the subject’s glenohumeral joint, it could be expected that the model inherently considered
inter-individual differences. Another limitation referred to the dependency of the method
on an MRI scan. The MRI scan is often performed during routine clinical examinations of
subjects. Therefore, this dependency would not widely affect practical applications of the
method. This dependency could be eliminated by incorporation of a predictive method.
The predictive method would provide the required information expected from the MRI
scan. Indeed, the accuracy of the resulting GH estimations might be compromised. But,
their accuracy might still be higher comparing to a direct use of the predictive method.
Because, the accuracy of the predictive methods drops significantly by arm movements
[147, 152]. The proposed method performs more efficiently during arm movements, given
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that it compensates soft tissue artifacts.
In conclusion, we proposed a method to reconstruct a videogrammetry-based measured
motion of upper extremity including the scapula in the absence of SKMD. It provided
estimation of GH, TS, and AI build on which the multi-segment optimization could be
used. Its main strengths were (1) its independency of the scapula kinematics and also (2)
its compensation for soft tissue artifacts. The method was evaluated within a kinematic
model of the upper extremity through two scenarios. It provided accurate GH estimations
and resulted in joints angles having excellent agreements with in vivo measurements. In
a next step, the proposed method and the kinematic model could be used to predict GH
joint reaction forces during activities of daily living. The resulting joint reaction forces
could be used for improving treatments of GH joint osteoarthritis with total shoulder
arthroplasty.
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5 An initialization technique for Hill-
type musculotendon models
This chapter is a preprint version of the following self-authored article that has been
submitted to ASME Journal of Biomechanical Engineering.
Ehsan Sarshari, Alexandre Terrier, Alain Farron, Philippe Mullhaupt, “An initialization
technique for Hill-type musculotendon models”, BIO-18-1186, 2018.
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Abstract
A musculotendon model associates force production behaviors of a musculotendon to its
macroscopic or microscopic biophysical properties. It is therefore a key component in
simulations of coordinated movements. Hill-type musculotendon models are commonly
used in simulations of coordinated movements mainly due to their computational efficiency.
They in fact provide a single first order ordinary differential equation representing the
contraction dynamics of the musculotendon. However, the initial state of this differential
equations is not granted by the model. The process of defining this initial state is often
referred to as the initialization. Nevertheless, the initialization can considerably disturb
force predictions of the model, specially during its transient behavior. Therefore, the aim
of this study is to develop an initialization technique for a Hill-type model that avoids
artificial transient behaviors. To this end, it is shown that the contraction dynamic of
a Hill-type model is a singular perturbed system. The singular perturbation analysis is
therefore applied on the system in order to define an approximation of its central solution.
The initial value of the approximated central solution is then used as an initial state for
the contraction dynamics. Two cases are considered to evaluate the developed model.
They include reproduction of the experimentally measured forces on maximally activated
rat soleus as well as prediction of the human middle deltoid force during measured forward
flexion movement. The results indeed illustrate that the proposed initialization within the
developed Hill-type model provides force predictions that are in an excellent agreement
with the experimental results (mean squared prediction error less than 0.009) and are
devoid of artificial transients.
5.1 Introduction
Musculotendons are the interface between the central nervous system (CNS) and the
articulated skeletal system [170]. They transform neural excitation received from the
CNS to forces that are applied to the skeletal system in order to perform a motor task.
Therefore, a musculotendon model that can reproduce musculotendon forces for given
musculotendon properties is a key component in simulations of coordinated movements
[170, 171].
There exist several musculotendon models that can be broadly divided into two
categories based on their development approaches, including (1) Huxley-based [172–174]
and (2) Hill-type [170, 175–178] models. The former is developed based on a reductionist
approach that takes into account physiological microscopic properties of tissues. It
provides a distributed-parameter model of musculotendon using either a single partial
differential equation (PDE) [172, 173] or a set of ordinary differential equations (ODE)
[174]. In contrast, Hill-type models are developed based on a black-box description of
input-output behaviors of musculotendon and its phenomenological properties. It results
in a lumped-parameter model represented by a single ODE [170, 178].
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The type of the model utilized depends on the goal of the simulation [171]. Given that
several musculotendons are typically involved in simulations of coordinated movements [43],
applications of Huxley-based models immediately become computationally demanding.
Furthermore, they require several number of musculotendon parameters that are not
straightforward to identify [179]. Therefore, the use of Hill-type models in simulations
associated with coordinated movements are justified [170, 171].
The resulting ODE from a Hill-type model typically associates the muscle fiber
velocity to a function of muscle fiber length, musculotendon length, and neural excitation
[170, 175]. However, the initial state (muscle fiber length at the initial time) required
to solve this ODE is not granted by the model. The procedure of estimation an initial
state corresponding to a given musculotendon length and neural excitation for a Hill-type
model is called initialization [171, 180]. Although, Hill-type models were extensively used
in simulations of coordinated movements [21, 43], a limited effort was made regarding
their initialization techniques. Nevertheless, forces reproduced by a Hill-type model
can be considerably disturbed by the initialization, specially their transient behaviors
[171, 181–183].
There are indeed few studies that investigated initialization techniques for Hill-type
models. Musculotendon velocity was acquired and apportioned between the muscle fiber
and tendon according to their linearized compliances [180, 184]. An initial state was
then estimated by using the resulted muscle fiber velocity in the kinematic model of the
musculotendon. However, the initialization was subject to singularities of the relative
stiffness of muscle fiber and tendon. Furthermore, the estimated initial state might lack
biophysical correspondence.
Therefore, the aim of this study is to develop an initialization technique for a Hill-type
model that (1) avoids artificial transient behaviors in the force reproduced by the model,
(2) is devoid of numerical singularities, and (3) possesses biophysical correspondence. To
this end, the singular perturbation theory [235] is used on a developed Hill-type model
to achieve an asymptotic approximation of its solution. The model is used to reproduce
experimentally measured forces on maximally excited rat soleus reported by [183]. It is
also used to predict forces associated with submaximal EMG measurements of middle
deltoid during arm forward flexion. It is expected that, the developed initialization
technique improves the force reproduction of the model, specially in terms of its transient
behaviors.
5.2 Methods
The overall structure of Hill-type musculotendon models are presented (Section 5.2.1).
The activation and contraction dynamics are also detailed (Sections 5.2.1 and 5.2.2,
respectively). Our initialization technique is explained (Section 5.2.3). Two cases are
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Figure 5.1: A block diagram representation of our developed initialization technique for a
typical Hill-type model. In a Hill-type model, musculotendon dynamics are assumed to consist
of two unidirectional coupled subsystems, namely activation and contraction dynamics. For
given excitations (a(t) and lMT), the initialization technique defines an initial state l˜M(t0) for the
contraction dynamics (Eq. 5.4) such that the resulting tendon force predictions are devoid of
artificial transient behavior.
described to evaluate the proposed initialization within a developed Hill-type model
(Section 5.2.4).
5.2.1 Hill-type musculotendon model
Given the biological complexity of musculotendons, several simplifying assumptions are
commonly made in order to develop a Hill-type model [170]. They involve different
aspects of musculotendons, including their functions, fibers geometries, and fibers physical
properties. Musculotendons function is assumed to consist of two unidirectional coupled
dynamics, namely activation dynamics and contraction dynamics (Fig. 5.1) [171]. The
activation dynamics account for the musculotendon behavior from neural excitation (u(t))
to muscle activation (a(t)). The contraction dynamics replicate force reproductions for
a given muscle activation and musculotendon length (lMT(t)). Fibers geometries are
approximated by a set of straight parallel fibers with equal lengths that are furnished in
a same plane (Fig. 5.2a). A musculotendon consists of a variety of fibers with different
physical properties. However, it is approximated in terms of a scaled-up version of a single
normalized fiber. A Hill-type model of a musculotendon deals merely with dynamics of
a single normalized fiber. The behavior of the whole musculotendon can be therefore
described as a scaled-up version of the behavior of this normalized fiber. The length,
velocity, and force quantities are normalized with respect to their so-called optimum
values (see section 5.2.2).
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Activation dynamics
The activation dynamics associate u(t) to a(t). Muscle activation is a representation of
the relative amount of calcium release to troponin in the muscle fiber. During muscle
activation, calcium concentration increases by the sarcoplasmic reticulum, while muscle
deactivation involves removal of the calcium [179]. The activation dynamics are described
in Eq. 5.1. It is adapted from [170] as a simplification of the approach developed by [174].
da(t)
dt
=
u(t)− a(t)
τ(a(t), u(t))
, τ(a(t), u(t)) =
{
τact
0.5+1.5a(t) u(t) ≤ a(t)
τdact
0.5+1.5a(t) u(t) > a(t)
(5.1)
Where, τact and τdact are activation and deactivation time constants, respectively. Given
that calcium dissociation is a less efficient process than its release, τdact is generally bigger
than τact. Both u(t) and a(t) lie within [0 1].
The neural excitation is associated with electromyography (EMG) signal measured on a
muculotendon. However, there exists no consensus in the literature on the transformation
from EMG signals to u(t) [236]. In the common approach in the literature, the high-
passed, rectified, and low-pass filtered EMG signal is considered as u(t). The cut-off
frequency of the high-pass and low-pass filters can be achieved systematically for any
measured EMG signal using either harmonic or residual analysis [91].
5.2.2 Contraction dynamics
The contraction dynamics consist of three different elements replicating the force pro-
duction function of the musculotendon (Fig. 5.2a,b). More specifically, the active force
production of the muscle fiber is modeled with a contractile element (CE). A passive
elastic element is also attached in parallel to the CE in order to replicate the passive
force generated by the muscle fiber during elongation. An elastic element is connected in
series to the muscle fiber elements to replicate the tendon behavior associated to tendon
elongations.
The force produced in each of these elements is defined by a number of normalized
functions, including muscle force-length (fL(.)), muscle force-velocity (fV(.)), muscle
passive force (fP(.)), and tendon force-length (fT(.)) relationships (Fig. 5.2b,c,d,e,f). We
obtained these functions by fitting smooth curves (C∞) to experimental data reported by
[7, 170, 173, 178, 182, 183, 237–244]. The force values of these functions are normalized
with respect to the maximum (optimum) muscle fiber force (FO). The muscle length
(lM) and velocity (vM) and tendon length (lT) values are also normalized with respect to
the optimum muscle fiber length (lMO ) and velocity (v
M
O ) and tendon slack length (l
T
S ),
respectively. The lMO and v
M
O correspond to the situations when the muscle force-length
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and muscle force-velocity relationships are at maximum and zero force, respectively.
The contraction dynamics of a Hill-type model are developed by considering force
equilibrium between the muscle fiber and tendon (Eq. 5.2).
FO
[
a(t)fL(l˜M)fV(v˜M) + fP(l˜M)
]
cosα = FOf
T(l˜T) (5.2)
Where, the tilde sign denotes the corresponding normalized values. The terms on the
left hand side of Eq. 5.2 are the forces produced in CE and parallel passive element,
respectively. The right hand side is the tendon force. The α is the pennation angle of the
muscle fibers (Fig. 5.2a,b). Given that the muscle fiber volume remains constant in a
vast majority of musculotendons [245], the height of the muscle fibers (h in Fig. 5.2a) is
often assumed to remain unchanged. That is
lM sinα = lMO sinαO (5.3)
where, αO is the pennation angle at the optimum muscle fiber length.
Given that lM cosα = lMT − lT, the following implicit ODE in terms of ˙˜lM can be
derived for the contraction dynamics by substituting Eq. 5.3 in Eq. 5.2.
[
a(t)fL(l˜M)fV(
lMO
vMO
˙˜
lM) + fP(l˜M)
]√
1−
(
sinαO
l˜M
)2
= fT(
lMT−lMO
√
l˜M
2−sinαO2
lTS
)
(5.4)
Given that the implicit formulation of Eq. 5.4 is numerically better conditioned
comparing to its explicit formulation (Eq. 5.6), it is preferred for numerical integration
[246]. In order to avoid l˜M reaching unrealistic short lengths, the unilateral conditioning
of Eq. 5.5 is included in the numerical integration of contraction dynamics (Eq. 5.4). It
also prevents Eq. 5.4 to become numerically stiff due to small forces produced by the
force-length relationship for unrealistic short l˜M.
˙˜
lM =
{
0 l˜M < max (fLinv(0), sinαo) &
˙˜
lM < 0
˙˜
lM else
(5.5)
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Where, fLinv(.) is the inverse function of muscle fiber force-length relationship defined over
[0 1].
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Figure 5.2: Musculotendon contraction dynamics, (a) musculotendon geometries are approximated by a set
of straight parallel muscle fibers with equal lengths (lM) that are furnished in a same plane together with the
straight tendons of length lT. (b) Mechanical correspondence of the Hill-type musculotendon model. The force
produced by the muscle fiber (FM) is the resultant of the force generated by the CE (FOa(t)fL(l˜M)fV(v˜M)) and
the passive elastic element (FOfP(l˜M)). The tendon force (FT) is equal to FOfT(l˜T).
The normalized functions are obtained by fitting smooth curves to the experimental data of [7, 170, 173, 178, 182,
183, 237–244]. (c) Contractile element force-length relationship, (d) contractile element force-velocity relationship,
(e) passive parallel element force-length relationship, and (f) tendon force-length relationship.
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5.2.3 Initialization
The solution of the developed Hill-type model is affected by the initial state (l˜M(t0))
of the contraction dynamics (Eq. 5.4). An inappropriate initial state can disturb the
resulted l˜M(t) and consequently affect the force predicted by the model (FT(t)). In
order to further elaborate on this argument a benchmark example is simulated using the
developed musculotendon model.
An arbitrary musculotendon (FO = 1 N, lMO = 2 cm, v
M
O = 11 cms
−1, αO = 30o, and
lTS = 10 cm) is simulated for a constant neural excitation (u(t) = 1) and a sinusoidal
musculotendon length excitation (lMT(t) = lTS + l
M
O cosαO + l
M
O sin 2pit). The model
response for different l˜M(t0) are presented in terms of l˜M(t) and FT(t). Several transient
behaviors can be observed (Fig. 5.3). However, all the different branches of the response
(perturbed responses) converge to a central solution. The transient behavior of l˜M(t)
due to an inappropriate l˜M(t0) considerably alters FT(t). Therefore, the goal of our
initialization technique is to find the initial state corresponding to a model response that
always stays on the central solution. In other words, we will approximate the initial
state associated to the central solution. This assures that the model transient response is
sufficiently devoid of artificial transients. To this end, Tikhonov’s theorem of singular
perturbation analysis [235] is applied to Eq. 5.4. At a first step, an approximation of
the central solution is found. The initial state of this approximation is then used as the
initial state of the Eq. 5.4.
An explicit form of Eq. 5.4 is obtained as follow (Eq. 5.6).
lMO
vMO
˙˜
lM = fVinv
 1a(t)fL(l˜M)
fT(
lMT−lMO
√
l˜M2−sinαO2
lTS
)√
1−
(
sinαO
l˜M
)2 − fP(l˜M)

 (5.6)
In a compact form Eq. 5.6 becomes:

˙˜
lM = g(t, a, lMT, l˜M, ) (5.7)
where,  = l
M
O
vMO
. For  = 0, Eq. 5.7 degenerates to a transcendental equation (0 = g(.))
whose isolated real roots are defined as
¯˜
lM = h(a, lMT) (5.8)
83
Chapter 5. An initialization technique for Hill-type musculotendon models
central
perturbed
l˜M
time [s]
0
0
0.20.1
1
10.5 1.5
1.1
1.05
0.9
1.25
1.15
0.95
0.85
(a)
central
perturbed
F
T
time [s]
0
0
0
0.2
0.20.1
0.4
0.4
0.6
0.8
0.8
1
1.2
1.6
0.5 1.5
0.85
(b)
Figure 5.3: Effect of the initial state (l˜M(t0)) of the contraction dynamics on the musculotendon
response: (a) normalized muscle-fiber length (l˜M(t)) and (b) tendon force (FT(t)). Several
transient behaviors are observed. However, all the different branches of the perturbed responses
(gray curves) converge to a central solution (black curve).
Algorithm 5.2.1 presents the initialization technique developed for the Hill-type model
(see also Fig. 5.1).
Algorithm 5.2.1 (model initialization) Given the muscuoltendon model in Eq. 5.1
and Eq. 5.4
1. Consider the initial values of the model excitations, including a(t0) and lMT(t0).
2. Solve the transcendental equation of Eq. 5.8 for the excitation values of step 1 and
define ¯˜lM(t0).
3. Feed ¯˜lM(t0) to Eq. 5.4 as its initial state.
We use an adaptation of Tikhonov’s theorem to guarantee that ¯˜lM is an of order
O() approximation of the central solution of Eq. 5.6 (Theorem 5.4.1). This order of
magnitude approximation (O()) is defined in Definition 5.4.1. Therefore, we consider its
initial value (¯˜lM(t0)) as an of order O() approximation for the initial state of the central
solution of Eq. 5.6.
5.2.4 Evaluation of the method
Two cases are considered to evaluate the performance of the developed initialization
technique within the musculotendon model. In the first case, the model reproduces
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the experimentally measured forces on a maximally activated rat soleus reported by
[183]. The musculotendon length excitations (lMT) are considered according to the same
experiments [183]. That is, a general sinusoidal excitation is considered with six different
maximum amplitudes, including ±0.05 mm, ±0.1 mm, ±0.25 mm, ±0.5 mm, ±1 mm,
and ±2 mm. According to [183], the musculotendon parameters are set as τdact = 40 ms
and lMO = l
T
S = 1.71 cm. However, the other four musculotendon parameters necessary to
simulate the model are not given in [183]. Therefore, a nonlinear parameter identification
[247] is casted as follows. It defines τact, FO, vMO , and αO such that the mean squared
prediction error (MSPE) between FT(t) as the model force prediction and the experimental
results of ±0.1 mm excitation denoted by Fexp±0.1 is minimized. The resulting parameters
from Eq. 5.9 are then used to simulate the rest of the above mentioned experimental
trials.
min . 1t1
∫ t1
0 (FT(t)− Fexp±0.1(t))2dt
s.t.
[
a(t)fL(l˜M)fV(
lMO
vMO
˙˜
lM) + fP(l˜M)
]√
1−
(
sinαO
l˜M
)2
= fT(
lMT−lMO
√
l˜M
2−sinαO2
lTS
)
l˜m(t0) =
¯˜
lm(t0)
(5.9)
In the second case, the model is used to predict forces in human middle deltoid during
forward flexion with 2 kg weight in hand. The EMG neural excitations and shoulder
kinematics are measured during several trials of the same movement on a young healthy
subject [212]. The corresponding length excitations are obtained performing inverse
kinematics on the measured kinematics using a musculoskeletal model of upper extremity
[248]. The measured EMG was treated according to section 5.2.1, and the effect of
its variance (due to the several trials) on the predicted force is also presented. The
musculotendon parameters of middle deltoid are adapted from [203].
5.3 Results
For the first case, the parameter identification resulted in the following parameters,
τact = 22.2 ms, FO = 1.79 N, vMO = 0.06 ms
−1, and αO = 6.59o.
The highest and lowest force predicted by the model were around 69% and 106% of
the FO associated to ±0.05 mm and ±2 mm trials, respectively (Fig. 5.4). The mean
squared prediction errors between FT(t) and Fexp for the different trials increased with
the amplitudes of the musculotendon length excitations. More specifically, they varied
from 0.0011 to 0.0088, with the former being associated to the ±0.05 mm trial.
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Figure 5.4: Reproductions of the experimentally measured forces on the maximally activated rat
soleus from [183] by the developed model. Six different experimental trials were simulated. They
were associated with different amplitudes of musculotendon length excitation, including ±0.05
mm, ±0.1 mm, ±0.25 mm, ±0.5 mm, ±1 mm, and ±2 mm. The forces predicted by a typical
Hill-type model from [183] was also presented.
For the second case, the force predicted for the middle deltoid increased initially with
the arm flexion to its maximum (almost 490 N equivalent to 57% body weight) at 50o
(Fig. 5.5). It reached its minimum (around 20% body weight) at the end of the simulated
flexion.
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Figure 5.5: Force predicted by the developed model for the middle deltoid during arm forward
flexion with 2 kg weight in hand (solid line). The EMG neural excitation and the shoulder
kinematics were measured during several trials of the same motion on a subject and transformed
to u(t) and lMT(t). The effect of variances in EMG data on the predicted force presented by the
gray shaded area.
5.4 Discussion
The aim of this study was to develop an initialization technique for Hill-type musculo-
tendon models so that the model predictions were devoid of artificial transients. The
transient behaviors caused by inappropriate initializations could considerably disturb
force predictions of the model. We showed that the ODE associated to the contraction
dynamics of a Hill-type model was a singular perturbed system. Therefore, singular
perturbation analysis was applied to provide an approximation of the central solution
of the contraction dynamics. The initial value of the approximated central solution was
then used as the initial state of the contraction dynamics. The developed model together
with its initialization was evaluated by reproducing the experimentally measured forces in
maximally activated rat soleus and also the middle deltoid forces during forward flexion.
The predicted forces for the rat soleus was also compared with predictions of a Hill-type
model developed in [183].
For the first case, the model predictions were in an excellent agreement (MSPE less
than 0.009) with the experimental results. Furthermore, the model predictions did not
experience any artificial transients. However, the corresponding predictions from the
model developed in [183] provided at least one order of magnitude higher MSPE. For
instance, the MSPE for the ±2 mm simulation was almost 550% higher comparing to
the corresponding value of the developed model in the present study. Furthermore,
the performance of our initialization technique would be even more evident if a shorter
simulation time is considered. For instance, the MSPE associated with the transient part
([0 0.2s]) of the ±1 mm simulation were 0.008 and 0.17 for this study and that of [183],
respectively.
The parameter identification resulted in musculotendon parameters for rat soleus that
were comparable to those reported by in vivo studies, e.g. [249]. This could explain that
the model represents the physiology of the system and segregated it from a curve-fitting
exercise. Furthermore, the parameter identification was merely performed for one case
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out of the six experimental trials.
For the second case, the predicted force for middle deltoid held physiological corre-
spondence with previously reported data in the literature [52]. It was frequently reported
that inverse-dynamics based predictions of muscles forces underestimated them [21, 188].
Therefore, muscle-driven predictions of muscle forces using musculotendon dynamics
could be a potential alternative approach [43, 193, 212].
A limitation of the developed model was that the effects of fatigue [250] and temperature
[251] on musculotendon dynamics were neglected. However, during the two cases studied
special attention was paid to provide sufficient resting intervals to the musculotendon
tissues. In case of applications for which this surrogate approach could not be used, it
would be therefore necessary to account for musculotendon fatigue and temperature. The
musculotendon fatigue has been approximated often by compromising optimum muscle-
fiber force as a linear function of simulation time, e.g. [252]. That is, FC(t) = FO(1−λf t),
where FC(t) is the compromised optimum muscle-fiber force, and λf is a small positive
constant. It is indeed straightforward to include this fatigue model in the developed
model, if necessary.
Future developments should distinguish between slow and fast twitch musculotendons
dynamics [91, 170]. This could be accounted for by considering distinguished muscle-fiber
force-length and velocity relationships for slow and fast twitch muscles. Nevertheless, in
the experimental data used in the present study defining the muscle-fiber force-length
relationship two distinct patterns could be observed. This could be associated with the
fact that different musculotendons with different twitch properties were used.
The developed Hill-type model required seven musculotendon parameters in order to
replicate the behavior of a given musculotendon. However, it is not yet straightforward to
obtain these parameters [21, 203]. There are number of cadaveric anthropometry studies
providing these parameters for different musculotendon groups of humans, e.g. [203]
and [253] for upper and lower extremities, respectively. The accuracy of the model in
providing inter-individual predictions can be considerably affected by the uncertainties in
these parameters. Therefore, rigorous identifications of musculotendon parameters are
the major bottleneck of applications of musculotendon dynamics. Systematic sensitivity
analyses can provide insight into the role played by different musculotendon parameters
and their contributions in effecting relative model behavior.
In conclusion, we proposed an initialization technique for a developed Hill-type muscu-
lotendon model. It had three main advantages. It avoided the model force predictions
exhibiting any artificial transients. It was devoid of numerical singularities despite the
previous initializations techniques [180, 184]. It also possessed biophysical correspondence,
given that no extra assumptions was considered in its development. The model perfor-
mance was evaluated through two cases and was in excellent agreement with respect to
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those of experimental studies. In a next step, the developed model would be incorporated
into an EMG-assisted shoulder model to simulate coordinated movements.
Appendix: Musculotendon central solution
The velocity of l˜M calculated as ˙˜lM = g(.) can be large due to smallness of . Therefore,
l˜M may rapidly converge to ¯˜lM that is the equilibrium of Eq. 5.7. In fact, having set  = 0,
the transient convergence of l˜M was made instantaneous. However, this convergence
cannot be excepted unless certain stability conditions for the transient (boundary-layer)
are satisfied. This boundary-layer is mathematically defined in Definition 5.4.2. The
forthcoming adaptation of Tikhonov’s theorem guarantees ¯˜lM to be an of order O()
approximation of the central solution of Eq. 5.6 (Theorem 5.4.1). This order of magnitude
approximation (O()) is defined as
Definition 5.4.1 (O(δ2()) approximation) δ1() is an of order O(δ2()) approxima-
tion if there exist positive constants k and c such that
|δ1()| ≤ k|δ2()|, ∀ || < c
Definition 5.4.2 (boundary-layer) Having defined y as y = ¯˜lM−h(a, lMT) that shifts
the equilibrium of Eq. 5.7 to the origin, the boundary-layer can be derived as below by
substituting y in Eq. 5.7.
dy
dτ
= g(t, a, lMT, y + h(a, lMT, 0))
where, τ = 1 t.
Theorem 5.4.1 (singular perturbation) Consider the singular perturbation problem
of Eq. 5.7 and let Eq. 5.8 be its equilibrium. Assume the following conditions to be
satisfied for t ∈ [t0 t1]
• The function g(.) and its first partial derivatives with respect (a, lMT, l˜M, ) are
continuous. The function h(a, lMT) and the Jacobian ∂g(t,a,l
MT,l˜M,0)
∂l˜M
have continuous
first partial derivatives with respect to their arguments.
• The musculotendon inputs (a(t) and lMT(t)) are bounded for all t ∈ [t0 t1].
• The origin of the boundary-layer model (Definition 2.2) is exponentially stable.
Then, Eq. 5.7 as a singular perturbation problem has a unique solution l˜M(t, ) on [t0 t1],
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and
l˜M(t, )− ¯˜lM − y(τ) = O()
According to Theorem 5.4.1, ¯˜lM is guaranteed to be an of order O() approximation of
the central solution of Eq. 5.6 on [t0 t1]. Therefore, we consider its initial value (
¯˜
lM(t0))
as an of order O() approximation for the initial state of the central solution of Eq. 5.6.
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6 EMG-Assisted Load-Sharing for
Muscle Force Prediction in Upper-
Extremity
This chapter is a preprint version of the following self-authored article that has been
submitted to Journal of Medical Engineering and Physics.
Ehsan Sarshari, Matteo Mancuso, Alexandre Terrier, Alain Farron, Philippe Mullhaupt,
Dominique Pioletti, “EMG-Assisted Load-Sharing for Muscle Force Prediction in Upper-
Extremity”, MEP-D-18-00262, 2018.
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Abstract
Prediction of muscles forces in an over-actuated musculoskeletal model involves optimal
distributions of net joints moments among muscles by a standard load-sharing (SLS).
Given that co-contractions of antagonistic muscles are counterproductive in the net
joints moments, the SLS falls short of predicting them. However, muscle co-contractions
play crucial roles in the stability of upper extremity joints, specially the glenohumeral
(GH) joint. Therefore, the aim of this study is to test the hypothesis that inclusions
of measured electromyography (EMG) data into the SLS can improve its predictions of
muscle co-contractions. To this end, measured EMG data of fifteen muscles are fed into
a musculotendon model. It reproduces their associated muscles forces. Portions of the
resulting muscle forces are used as upper and lower bounds in a modified SLS. Given
the direct incorporation of the EMG data in the modified SLS, it is called EMG-assisted
load-sharing (EALS). We evaluate the EALS during arm flexion and abduction. The
results are presented in terms of muscles forces, GH joint reaction forces (JRF), and the
intersection foci of JRF and the glenoid fossa. A so-called stability ratio is also defined to
quantify the GH joint stability. The results confirm that higher muscle co-contractions are
predicted comparing to the SLS (e.g. above 50 N higher forces for both triceps long and
biceps long during arm flexion). Also, JRF predictions compared to in vivo measurements
are improved (on average 88% better predictions for the maximum JRF). It is verified
that the developed EALS can better reproduce muscle co-contractions comparing to the
SLS.
6.1 Introduction
Noninvasive measurement of muscle forces remains an elusive goal [185]. However,
predictions of these forces can be obtained using musculoskeletal models. In the available
musculoskeletal models, equilibrium equations are obtained for net joints moments using
inverse dynamics [14, 22, 100]. There are more muscles than the number of the equilibrium
equations (over-actuation). Therefore, the SLS is used to distribute the net joints moments
among muscles [51, 52, 186]. The SLS predicts muscle forces by optimizing a physiological
cost function subject to constraints. The constraints are associated with the equilibrium
equations, muscle forces upper/lower bounds, and joints stability [39]. Antagonistic
muscles are counterproductive in the net joints moments. Therefore, the SLS overlooks
forces produced by antagonistic muscles (co-contractions) [26, 187–189]. Consequently,
joint contact forces are also underestimated [43, 190, 191]. Predictions of muscle and
joint forces can be improved by considering co-contractions, especially for the upper
extremity joints. Because, the stability of the GH joint is mainly achieved through muscle
co-contractions in the upper extremity [67, 192, 193].
For the upper extremity, few studies improved muscle force predictions by cosidering
co-contractions. They enforced co-contractions either by tailoring the optimization of
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SLS [39, 194, 195] or by explicit use of measured EMG data [43, 188, 196–198]. However,
there were limitations associated to these studies.
Co-contraction was enforced by introducing shift parameters [194] and negative weighting
factors [195]. They were used to alleviate the SLS cost function growth due to co-
contraction. The choice of shift parameters and weighting factors required a priori
knowledge of antagonistic muscles. However, this was not straightforward to achieve,
given complexities of the upper extremity. For instance, muscles could act simultaneously
as agonistic and antagonistic in the upper extremity. A stability constraint was introduced
for the GH joint [39] and was commonly used in the upper extremity musculoskeletal
models [14, 100]. It constrained SLS solutions such that the resulting JRF always
pointed toward inside of the glenoid fossa. Co-contractions were therefore enforced
by compromising the SLS optimal solution. But, the model still underestimated the
co-contractions [43].
Explicit use of measured EMG data in models did not require further information of
antagonistic muscles. It could therefore provide rather straightforward predictions of
co-contractions [43, 188, 196–198]. However, the relationship between predicted muscle
forces and measured EMG data was over-simplified [188, 196–198]. This deviated from
the nonlinear dynamical behavior of musculotendons [170]. The net moments produced
by direct applications of measured EMG also failed to satisfy the equilibrium equations
[188, 196, 197]. Therefore, the predicted co-contractions might lack a physiological
correspondence. Several combinations of measured EMG data were used [43] to predict
a joint reaction force closer to experimental results [199]. But, the model did not allow
inclusion of all the fourteen measured EMG data, and only a subset of them (four muscles)
were used.
Therefore, the aim of this study is to test the hypothesis that inclusions of measured
EMG data into the SLS can improve its predictions of muscle co-contractions. To this end,
an EALS is developed by modifying the SLS of an upper extremity musculoskeletal model.
Muscle forces associated with measured EMG of fifteen superficial muscles are calculated
and fed into the EALS. Predicted muscle and joint forces are compared with those of the
SLS and in vivo measurements [199]. A stability ratio is introduced to quantify the GH
joint stability.
6.2 Methods
An upper extremity musculoskeletal model is developed (Section 6.2.1). EMG and motion
data are measured during two activities (Section 6.2.2). The measured motions are
reconstructed in terms of joints angles using a multi-segment optimization (Section 6.2.3).
A musculotendon model is developed to reproduce the muscle forces associated to muscles
with measured EMG data (Section 6.2.4). The EALS is detailed (Section 6.2.5). The
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developed EALS is evaluated within the musculoskeletal model and is compared to the
SLS (Section 6.2.6).
6.2.1 Upper extremity Musculoskeletal model
Kinematic model
A musculoskeletal model of the upper extremity is developed from MRI scans of the right
shoulder of a healthy male subject (29 year, 186 cm, and 85.5 kg) (Fig. 6.1a). It consists
of six rigid bodies including thorax, clavicle, scapula, humerus, ulna, and radius. The
hand is assumed to be rigidly tied to the radius. It has nine DOFs attributing to three
ball-and-socket joints associating with sternoclavicular (SC), acromioclavicular (AC), and
glenohumeral (GH) joints and two hinge joints for humeroulnar (HU) and radioulnar
(RU) joints and two holonomic constraints (Fig. 6.1b). Two constraints restrict trigonum
scapulae (TS) and angulus inferior (AI) on the scapula medial boarder to glide over two
ellipsoids approximating the thorax and their underlying soft tissues (Eq. 6.1). The
configuration of each bone segment is defined using at least three non-collinear bony
landmarks. Only two bony landmarks can be discerned for the clavicle. The medial
epicondyle (EM), lateral epicondyle (EL), and their middle point (HU) on the humerus
are borrowed for the ulna and the radius. The ISB recommendations [201] are followed
to define six bone-fixed frames. The joints coordinates are coincide with the bone-fixed
frames. An Euler angle sequence of X − Y − Z is used for both the SC and the AC
joints, but Z − Y − Z is considered for the GH joint. A generalized coordinate vector
(q = [q1 . . . q11]T ) is considered to define the upper extremity configuration. The following
forward kinematic map (ξ) defines the spatial coordinate of the jth bony landmark (xj)
associated with the generalized coordinates at time t.
ξ : Cs ⊂ R11 7→Ws ⊂ R3
ξ(q(t)) = xj(t), j = {C7, . . . , RS}1×14
ΦTS(q(t)) = (tTS(t)− te0)TETS(tTS(t)− te0)− 1 = 0
ΦAI(q(t)) = (tAI(t)− te0)TEAI(tAI(t)− te0) − 1 = 0
(6.1)
Where, Cs and Ws are the coordinate space and work space of the model [228]. Two
holonomic constraints (ΦTS = 0 and ΦAI = 0) replicate the kinematic relationships
between the scapula and the thorax. The left-hand side subscript t specifies that the
landmarks are in the thorax (inertial) frame. The ellipsoids center is te0, and ETS and
EAI are the ellipsoids matrices.
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Figure 6.1: (a) MRI scans of a healthy subject are used to develop the model. (b) The kinematic
model. Fifteen bony landmarks are used, including incisura jugularis (IJ), processus xiphoideus
(PX), 7th cervical vertebra (C7), 8th thoracic vertebra (T8), SC, AC, AA, EM, HU, EL, radial
styloid (RS), and ulnar styloid (US). The bone-fixed frames are: thorax frame {IJ , xˆt, yˆt, zˆt}, clav-
icle frame {SC, xˆc, yˆc, zˆc}, scapula frame {AC, xˆs, yˆs, zˆs}, humerus frame {GH, xˆh, yˆh, zˆh}, ulna
frame {HU , xˆu, yˆu, zˆu}, and radius frame {EL, xˆr, yˆr, zˆr}. The generalized coordinates consist
of q1: SC axial rotation, q2: SC depression/elevation, q3: SC protraction/retroaction, q4: AC pos-
terior/anterior tilt, q5: AC downward/upward rotation, q6: AC protraction/retroaction, q7: GH
axial rotation, q8: GH addcution/abduction, q9: GH flexion/extension, q10: HU extension/flexion,
q11: RU pronation/supination. The humerus frame is shifted for better visualizations.
Dynamic model
Mass and inertial properties are attributed to the bone segments according to [14]. The
upper extremity equations of motion are derived using the Lagrange’s equations (Eq.
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6.2).
d
dt
(
∂L
∂q˙
)
− ∂L
∂q
=
∂Ω
∂q˙
M + λTS
ΦTS
∂q
+ λAI
ΦAI
∂q
(6.2)
Where, L is the Lagrangian of the model obtained by adding all the bone segments
Lagrangians [19, 254]. The ∂Ω∂q˙M is the generalized force vector. The Ω is a horizontal
matrix including the angular velocities of all the bone segments. The vertical matrix
M consists of the muscle resultant moments around each one of the five joints. The
λTS and λAI are Lagrange multipliers associating to the scapula-thorax constraints. The
generalized moment arms of the constraints are obtained by their jacobians (ΦTS∂q and
ΦAI
∂q ).
The matrix M can be written as M = Wf , where W is the moment arm matrix, and
f is a vector consisting of the magnitudes of all the muscle forces. The W is obtained
using its geometric definition and crosschecked with the tendon excursion method [112].
To this end, the muscles paths as massless elastic strings are approximated using the
obstacle set method [111]. The origins/insertions, via points, and wrapping objects of
42 muscles spanning the upper extremity joints are defined from the MRI scans. They
include subclavius, serratus anterior upper/middle/lower, trapezius C1-C6/C7/T1/T2-T7,
levator scapulae, rhomboid minor/major T1-T2/major T3-T4, pectoralis minor/major
clavicular/major sternal/major ribs, latisimuss dorsi thoracic/lumbar/Iliac, deltoid clav-
icular/acromial/scapular, supraspinatus, infraspinatus, subscapularis, teres minor/major,
coracobrachialis, triceps brachii long/medial/lateral, biceps brachii short/long, brachialis,
brachioradialis, supinator, pronator Teres, flexor carpi radialis/ulnaris, and extensor carpi
radiali long/radialis bervis/ulnaris. Each muscle group of the model can be represented
by up to 20 strings (Fig. 6.2a).
6.2.2 Measurements
EMG and motion data are recorded on the same subject for two activities (Fig. 6.2b):
forward flexion in the sagittal plane and abduction in the frontal plane. Both activities
are performed with 2 kg weight in hand and with a fully flexed elbow. Both activities are
repeated for ten trials.
EMG signals of fifteen superficial muscles are measured at 1500 Hz sampling frequency
using AgCl Kendall surface button EMG electrodes and are recorded by a 16 channel
Desktop DTS system (Noraxon, Arizona, USA). The muscles include deltoid clavicu-
lar/acromial/scapular, trapezius C7/T1/T2-T7, pectoralis major sternal, infraspinatus,
teres major, triceps brachii long/lateral, biceps brachii short/long, brachialis, and flexor
carpi ulnaris. Maximum EMG values are also recorded by performing maximum voluntary
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contractions (MVC).
There exists no consensus in the literature for transforming the measured EMG signals
to muscle excitations [236] (see Section 6.2.4). We follow a common approach in the
literature [91]. It consists of high-pass filtering, rectifying, and consequently low-pass
filtering the EMG signals. Eighth order zero-phase Butterworth filters are used. Their
cut-off frequencies are set by residual analysis and are crosschecked with the harmonic
analysis. The resulting EMG signals are normalized for each muscle using the maximum
of its associated MVC signal. They are then partitioned per activity and per trial. Their
means and standard deviations (σEMG) associating to the ten trials are obtained.
Trajectories of eleven palpable bony landmarks are measured by tracking their associ-
ating skin-fixed markers using an 8 camera VICON videogrammetry system (VICON,
UK) at 100 Hz sampling frequency. The bony landmarks include incisura jugularis (IJ),
processus xiphoideus (PX), 7th cervical vertebra (C7), 8th thoracic vertebra (T8), SC,
AC, AA, EM, EL, radial styloid (RS), and ulnar styloid (US).
The recorded trajectories are low-passed filtered using an 8 order zero-phase Butter-
worth filter. Its cut-off frequency is obtained following the same procedures as the EMG
signals. The resulting trajectories are partitioned for each activity and per trial. Then,
their means corresponding to the ten trials are obtained.
6.2.3 Multi-segment optimization
The measured motion is reconstructed in terms of the generalized coordinates using
multi-segment optimization. Given that GH is not a palpable bony landmark, it is missing
from the measurements. Both TS and AI are also missing. Because, they are masked with
thick layers of soft tissues and are not effectively trackable [156]. Therefore, a method
developed in [248] is applied to estimate GH, TS, and AI trajectories. Then, multi-
segment optimization is used to define the generalized coordinates (qi) for each frame of
the measured motions (i) such that the overall distance between the measured markers
(xej ) and their corresponding bony landmarks (xmj ) is minimized, while satisfying the
forward kinematics map (Eq. 6.3).
min
qi
.
∑
j(xmj,i(qi)− xej,i)TW (xmj,i(qi)− xej,i)
s.t. ΦTS(qi) = 0
ΦAI(qi) = 0
(6.3)
Where, W is a weighting matrix.
Equation 6.3 is a nonlinear programming problem [230] that is solved by iterative
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Figure 6.2: (a) An illustration of the developed model. The model includes 42 muscles that
each can be replicated by up to 20 strings (three strings are used in this illustration). (b) EMG
and motion data are recorded for two activities. EMG signals of fifteen superficial muscles are
measured. Trajectories of eleven skin-fixed markers are tracked.
numerical methods for each i after providing an initial guess for the qi. We use the
function fmincon of Matlab (Mathworks, MA, USA) and consider qi=1 = 0. The resulting
qi−1 is used as an initial guess for qi.
6.2.4 Musculotendon model
A Hill-type musculotendon model is used to predict the muscle forces associating to the
measured EMG signals. It provides force predictions for given muscle excitations (u(t))
and muscuoltendon lengths (lMT(t)) (Fig. 6.3) [171]. It consists of two unidirectional
coupled dynamics, namely activation dynamics and contraction dynamics. The activation
dynamics associate u(t) to muscle activation (a(t)). The contraction dynamics account
for the force reproductions for a given a(t) and lMT(t).
The means of normalized EMG signals are used as u(t) for each muscle. The a(t)
represents the relative amount of calcium release to troponin in muscle fibers. It is
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obtained from a first order dynamic as follows [170].
da(t)
dt
=
u(t)− a(t)
τ(a(t), u(t))
, τ(a(t), u(t)) =

τact
0.5 + 1.5a(t)
u(t) ≤ a(t)
τdact
0.5 + 1.5a(t)
u(t) > a(t)
(6.4)
Where, τact and τdact are time constants corresponding to muscle activation and deactiva-
tion, respectively. Both u(t) and a(t) lie within [0 1].
The contraction dynamics consist of three elements replicating the force production of
the musculotendon. A contractile element (CE) is considered to replicate active force
productions of the muscle fiber. Passive forces generated by the muscle fiber during its
elongation are modeled using a passive elastic element (PE) attached in parallel to the
CE. An elastic element (EE) is also connected in series to the muscle fiber to replicate
the tendon elongations. The contraction dynamics are derived from a force equilibrium
between the muscle fiber and tendon. The following ordinary differential equation is an
implicit form of the contraction dynamics [103].
FO
[
a(t)fL(l˜M)fV(
lMO
vMO
˙˜
lM) + fP(l˜M)
]√
1−
(
sinαO
l˜M
)2
= FOf
T(
lMT−lMO
√
l˜M
2−sinαO2
lTS
)
(6.5)
Where, fL(.), fV(.), fP(.), and fT(.) are normalized functions associating to muscle force-
length, muscle force-velocity, muscle passive force, and tendon force-length relationships.
They are adapted from [103] by fitting smooth curves (C∞) to experimental data. The
maximum (optimum) muscle fiber force is denoted by FO. The normalized muscle fiber
length (l˜M) is obtained as l
M
lMO
in which lM and lMO are the muscle fiber length and its
optimum, respectively. The optimum muscle fiber velocity and the tendon slack length
are denoted by vMO and l
T
S , respectively. The l
M
O and v
M
O correspond to the situations
when the muscle force-length and muscle force-velocity relationships are at maximum
and zero force, respectively. Also, αO is the pennation angle at lMO .
Equation 6.5 can be solved using implicit numerical integrators for l˜M and consequently
provides the tendon force FT(t) = FOfT(.). To this end, a(t), lMT(t), the five musculo-
tendon parameters (FO, lMO , v
M
O , l
T
S , and αO), and an initial condition l˜
M(t0) are required.
The a(t) is readily obtained from Eq. 6.4. The lMT(t) is calculated for each muscle using
the musculoskeletal model. More specifically, the resulting q from the multi-segment
optimization is fed into the model. The model defines the paths and consequently the
lengths of musculotendons. We set the five musculotendon parameters according to [203].
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A so-called initialization technique [103] is used to define l˜M(t0) such that the solution is
devoid of artificial transients.
6.2.5 EMG-assisted load-sharing
The equations of motion (Eq. 6.2) provide eleven second order differential equations for
the resulting generalized coordinates q obtained from the multi-segment optimization (Eq.
6.3). There are more unknowns (42 muscles times number of strings per muscle) than
the number of equations. Therefore, we cast the following EALS to find an augmented
muscle force vector f˜i ≡ [fTi λTSi λAIi ]T for each frame of the measured motions i.
min
f˜i
f˜Ti P f˜i
s.t.
d
dt
(
∂L
∂q˙i
)
− ∂L
∂qi
=
[
∂Ω
∂q˙i
W
ΦTS
∂qi
ΦAI
∂qi
]
f˜i
{
(1− )FTk,i ≤ f˜k ≤ (1 + )FTk,i k ∈ DEMG
0 ≤ f˜k ≤ f˜maxk else
ψ(qi, q˙i, q¨i, f˜i) ≤ 0
(6.6)
Where, P is a diagonal matrix including the inverse squared of muscles physiological
cross section areas (PCSA). The numerical values for PCSAs are set according to [203].
The cost function (f˜Ti P f˜i) is the sum of squared muscle stresses. The first constraint
is the Eq. 6.2 whose right-hand side is written in a vectorial form. The second set of
constraints is the muscle forces upper/lower bounds. The set DEMG includes muscles
with measured EMG signals. If the kth muscle segment belongs to DEMG, its tendon
force predicted by the musculotendon model (FTk,i) from the measured EMG is used as
its upper/lower bounds. The positive coefficient  defines the portion of FTk,i that is
considered. The smallest  that results in feasible solutions is considered. For muscles
without measured EMG signals, 0 and f˜maxk = K PCSAk are used as their lower and
upper bounds, respectively. The constant K is the well-known Fick constant [206] and is
equal to 33.011 Nm-2. The stability constraint is denoted by ψ [19].
Equation 6.6 is a quadratic programming problem that can be solved using quadprog
of Matlab. It defines f˜ such that the sum of squared muscle stresses are minimized, while
the constraints are satisfied. The incorporations of FTk,i shrink the feasible set of the
problem. Therefore, more co-contractions can be expected to be predicted. An equivalent
SLS can be obtained from Eq. 6.6 by setting DEMG = {}, that is only considering the
second set of the upper/lower bounds constraints.
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6.2.6 Evaluations of the model
The effects of inclusions of the measured EMG data in the EALS are evaluated on muscles
forces, JRF, intersection foci of the JRF and the glenoid fossa, and a stability ratio
comparing to the SLS. To this end, the two measured activities are simulated using the
developed model and an equivalent SLS (Fig. 6.3).
A stability ratio (SR) is defined for the glenohumeral joint based on the intersection of
the JRF and an ellipse approximating the fossa (Eq. 6.7). It quantifies the concentricity
of the JRF with respect to the glenoid fossa. It is well-known that co-contractions increase
the glenohumeral joint stability by centralizing the JRF within the fossa [67]. Therefore,
the SR is linked to the GH joint stability obtained by co-contractions.
SRi = 1−
(
dISi
aIS
)2
−
(
dPAi
aPA
)2
(6.7)
Where, aPA and aIS are posterior-anterior and inferior-superior radii of an ellipse that
approximates the glenoid fossa. dPAi and dISi are intersections of JRF and the glenoid
fossa ellipse in posterior-anterior and inferior-superior directions for the ith of the measured
kinematics, respectively. The stability ratio lies within [0 1] with SR = 0 being marginal
stability (intersection occurred on boundaries of the glenoid fossa ellipse), and SR=1
being a perfectly centered intersection.
The sensitivities of the resulting muscle forces and JRF with respect to ±1σEMG
variations of the normalized EMG signals around their means are also defined. To this
end, a first order approximation [227, 248] of the sensitivity of Eq. 6.6 with respect to
u(t) is calculated.
The results are presented per activity and in terms of the muscle forces, the JRF,
intersection foci of JRF and the glenoid fossa, and the SR. The sensitivities of the muscle
forces and the JRF are also presented. The results are illustrated along the arm flexion
and abduction angles corresponding to the flexion and abduction activity, respectively.
The associated results from the SLS are also presented. For the JRF, the corresponding
in vivo measurements from [199] are also presented. Due to space limits, the complete
set of muscle force predictions are left for the Appendix and only a subset of them are
presented in Section 6.3.
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Figure 6.3: Markers trajectories are fed into the GH estimator. The resulting completed
trajectories (xej ) are used in the multi-segment optimization to find q. The musculoskeletal
model defines the net joints moments, moment arms, and lMT. The musculotendon model consists
of activation dynamics and contraction dynamics. The muscle initialization provides l˜Mt0 for the
contraction dynamics. The contraction dynamics include CE, PE, and EE. It reproduces the
muscle forces associated to muscles with measured EMG ({FTk ∀k ∈ DEMG}) for given l˜Mt0 , a(t),
and lMT. The resulting FTk are used together with the net joints moments and moment arms in
the EALS to predict f˜ .
6.3 Results
6.3.1 Muscle forces
Forward flexion in the sagittal plane: Serratus anterior lower and rhomboid major
T1-T2 had 85% higher maximum forces in EALS than in SLS (Fig. 6.4a). EALS predicted
less forces for trapezius (C7 and T2-T7). Instead, it predicted higher forces in rhomboid
(minor and major T1-T2).
While SLS predicted no force for deltoid clavicular and scapular (except between 60o to
80o flexion), EALS predicted forces (higher than 52 N) for the entire movement. Deltoid
acromial force followed similar patterns in EALS and SLS, but it was 30% higher initially
in EALS. The highest muscle forces predicted in EALS were supraspinatus and deltoid
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acromial with 505 N at 70o flexion and 490 N at 50o flexion, respectively. Deltoid acromial
had the highest sensitivity (around 25%) to variations of the normalized EMG.
The supraspinatus and subscapularis forces were substantially higher in EALS than SLS.
Their maximums were almost 390% and 90% higher, respectively. The infraspinatus
and teres minor forces were similar in EALS and SLS (less than 10% difference in their
maximums).
EALS predicted more than 50 N force for triceps long and biceps long. However, SLS
predicted only almost zero forces for them. Also, EALS predicted more than 180 N force
for triceps lateral flexor carpi radialis against almost zero in SLS. Pronator teres and
supinator produced above 100 N in EALS, whereas less than 40 N force for less than 15o
flexion was predicted in SLS.
Abduction in the fontal plane: Serratus anterior lower and rhomboid minor had
100% and 200% higher maximum forces in EALS than in SLS (Fig. 6.4b).
Around 25 N and 55 N forces predicted for pectoralis major clavicular and sternal in
EALS, respectively. However, SLS predicted 100 N and zero force for them, respectively.
Teres major force was 200% higher in EALS than in SLS.
EALS predicted above 55 N force for deltoid clavicular, whereas SLS predicted almost
zero force. Almost 145% higher force predicted by EALS for deltoid acromial in the
beginning, although SLS prediction was 60% higher at the end of the motion. Both
methods predicted very similar forces for deltoid scapular after 50o abduction (normalized
root mean squared error > 0.024 and p < 0.0001). Subscapularis and deltoid acromial
had the highest muscle forces predicted by EALS with 561 N at 76o and 445 N at
58o, respectively. Deltoid acromial also had the highest sensitivity to variations of the
normalized EMG.
Higher maximum forces predicted by EALS for supraspinatus, infraspinatus, subscapularis,
and teres minor comparing to SLS. For instance, the maximum subscapularis force was
22% higher in EALS.
EALS predicted above 90 N and 40 N forces for triceps long and biceps long, respectively.
However, SLS predicted zero forces for them. On average around 200 N force was predicted
by EALS for triceps lateral, flexor carpi radialis, supinator, and pronator teres. But, SLS
predicted less than 30 N for them.
103
Chapter 6. EMG-Assisted Load-Sharing for Muscle Force Prediction in
Upper-Extremity
Flexor
Carpi
Radialis
Pronator
TeresSupinator
Biceps
Long
Triceps
Lateral
Triceps
Long
Teres
Minor
Subsc-
apularis
Infras-
pinatus
Supra-
spinatus
Deltoid
Scapu-
lar
Deltoid
Acro-
mial
Deltoid
Clavicu-
lar
Rhomboid
Major
T1-T2
Rhomboid
Minor
Trapezius
T2-T7
Trapezius
C7
Serratus
Anterior
Lower
flexion [deg]
m
u
sc
le
fo
rc
e
[N
]
40 60 80 100
0
200
400
EALS
SLS
(a)
Flexor
Carpi
Radialis
Pronator
TeresSupinator
Biceps
Long
Triceps
Lateral
Triceps
Long
Teres
Major
Teres
Minor
Subsc-
apularis
Infras-
pinatus
Supra-
spinatus
Deltoid
Scapu-
lar
Deltoid
Acro-
mial
Deltoid
Clavicu-
lar
Pectoralis
Major
Sternal
Pectoralis
Major
Clavicular
Rhomboid
Minor
Serratus
Anterior
Lower
abduction [deg]
m
u
sc
le
fo
rc
e
[N
]
40 60 80 100
0
200
400
600
SLS
(b)
Figure 6.4: Muscle forces predicted by EALS and SLS for (a) flexion and (b) abduction. The
sensitivities to variations of normalized EMG signals were also depicted (gray shaded areas). Bold
fonts were used to distinguish the muscles with measured EMG data. The predictions associated
with all the 42 muscles were presented in the Appendix.
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Figure 6.5: JRF predicted by EALS and SLS along the corresponding in vivo data from [199],
(a) flexion, (b) abduction. The sensitivities to variations of normalized EMG signals were also
depicted (gray shaded areas).
6.3.2 JRF
The maximum JRF predictions by EALS were 58% and 46% higher comparing to SLS for
both flexion and abduction motions, respectively (Fig. 6.5a and Fig. 6.5b). They were
172% and 167% of body weight (855 N) and occurred at 68o flexion and 98o abduction,
respectively. The resulting JRFs had around 22% sensitivity to the variations of the
normalized EMG signals.
6.3.3 SR and intersection foci
The SR was higher for EALS than SLS (more stable GH joint) and reached 0.87 (vs 0.56
for SLS) till the end of flexion (Fig. 6.6a). Intersection foci were more centric in EALS
than SLS for both simulated motions (Fig. 6.6b and Fig. 6.6d). During flexion, the
intersection foci started on the boundary of the fossa and moved towards center at 58o
and 90o in EALS and SLS, respectively. The maximum SR was 46% less in abduction
than in flexion according to EALS (Fig. 6.6c). During the abduction motion, the foci
lied on the boundary throughout the motion for SLS, whereas in EALS it shifted toward
the fossa center at 92o.
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Figure 6.6: SR and intersection foci from EALS and SLS for (a,b) flexion, and (c,d) abduction,
respectively. The sensitivities to variations of normalized EMG signals were also depicted (gray
shaded areas). Cross and solid circle show both the beginning and end of the foci associated with
EALS and SLS, respectively.
6.4 Discussion
The aim of this study was to test the hypothesis that EALS could better reproduce muscle
co-contractions than the SLS. To this end, the EALS was developed by modifying the SLS
of an upper extremity musculoskeletal model. The EALS was evaluated by comparing
its muscles forces, JRF, SR, and intersection foci of JRF and the glenoid fossa with
those of the equivalent SLS and in vivo measurements [199]. It predicted higher muscle
co-contractions comparing to the SLS. The JRF was consequently higher comparing to
SLS and was more consistent with the in vivo measurements.
During forward flexion, higher forces predicted for both serratus anterior lower and
rhomboid major T1-T2 by EALS. This resulted in co-contractions around the AC joint.
The higher force predicted for deltoid clavicular by EALS was coincide with a higher
force from deltoid scapular. This was consistent with the previous findings regarding
the antagonistic role of deltoid scapular during arm flexion [255]. Their co-contractions
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resulted in counterproductive moments around the GH joint. Also, higher forces predicted
for triceps long and biceps long as antagonistic muscles. Their antagonistic role for the GH
joint movements was reported [73]. According to EALS, muscles were also co-contracting
around HU and RU joints, e.g. triceps lateral and flexor carpi radialis for the HU joint
and supinator and pronator teres for the RU joint.
During abduction, similar co-contractions as those of flexion were predicted by EALS.
Furthermore, pectoralis major sternal and teres major had higher forces in EALS, indicat-
ing their higher co-contractions. This co-contraction around the GH joint was consistent
with previously studies [256].
Comparison of EALS and SLS muscle force predictions also illustrated shifts in con-
tributions of muscle groups with similar roles. For instance, trapezius and rhomboid
muscles could contribute in the scapular upward/downward rotation during flexion. But,
EALS predicted more contributions from rhomboid minor/major T1-T2 and less from
trapezius C7/T2-T7. The SLS predictions were contrary. During abduction, higher forces
predicted for deltoid clavicular and less for deltoid acromial. It was commonly reported
that SLS underestimated deltoid clavicular force [222]. Indeed, the use of subject’s EMG
data in terms of upper/lower bounds in EALS caused these shifts. Therefore, this could
illustrate the potential of EALS in replicating inter-individual muscle recruitment patterns
comparing to SLS. Certainly, more subjects and more activities must be evaluated by the
model before EALS could be fully credited in this regard.
The JRF of EALS for both flexion and abduction activities lied within measurements
from different patients with instrumented prosthesis (IP) [199]. However, SLS in general
underestimated the JRF in both activities. The trends of the predicted JRF by EALS
were in general consistent with the IP measurements, although it provided slightly higher
predictions for the beginning of the motions. The sensitivities of the JRF to variations
of the normalized EMG signals are consistent with those of muscles forces for EALS. It
is worth noting that the IP measurements as means of validation should be used with
cautious. Because, the post-surgery patients with IP had impaired musculotendons, and
their motions were also compromised due to pain [28]. Therefore, their GH joint functions
were expected to be different from our healthy subject.
The SR and intersection foci illustrated the effects of higher co-contractions of EALS
on the GH joint stability. The higher co-contractions acted toward stabilizing the GH joint
by centralizing the JRF within the glenoid ellipse. For the beginning of both activities
the foci were on the boundary of the glenoid ellipse, indicating that the GH joint stability
constraint was active. This was consistent with the previous studies regarding stability
of the GH joint [31, 67]. However, in EALS the foci left the boundary toward more
centralized positions at lower flexion and abduction angles. The SR indicated that the
GH joint was more stable during the flexion than the abduction. Given that the humeral
head was exposed to a higher portion of the fossa during flexion comparing to abduction
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[131], this result was physiologically coherent.
Portions of muscles forces reproduced by the musculotendon model were used in EALS
as upper/lower bounds. These portions were defined by the positive coefficient . The
choice of  could obviously alter the force predictions. Smaller values for  resulted in
tighter bounds for force predictions of muscles with EMG data. Therefore, the feasible
set of the EALS was shrunk further comparing to larger values of . Consequently,
higher co-contractions could be predicted. However, the physiological coherence of the
resulting co-contractions required further investigations. Furthermore, smaller  might
cause infeasible solutions for the EALS. In these situations larger  had to be used. We
chose the smallest  that resulted in feasible solutions during both activities (0.03 and
0.07 for flexion and abduction, respectively).
This study had a number of limitations. A major limitation was that only one subject
participated. More subjects would be required to more thoroughly evaluate the model,
specially its performance in replicating inter-individual muscle recruitment patterns.
Three patients with instrumented prosthesis were considered to find the best combination
of EMG signals during forward flexion and abduction [43]. The second limitation was
about the musculotendon parameters. The musculotendon model reproduced forces based
on normalized EMG and musculotendon lengths. It also required five musculotendon
parameters for each muscle. We set these parameters according to [203]. The realism of
the reproduced forces could be enhanced if these parameters were personalized to our
subject. However, it is not yet straightforward to obtain these parameters. A sensitivity
analysis could be performed to evaluate the effects of these parameters on the reproduced
forces. Provided the effects of each parameter, special attentions could then be paid to
personalize the parameters with the most significant effects and the widest variabilities.
The third limitation was that the effects of fatigue [250] and temperature [251] were
not considered in our musculotendon model. However, we paid special attentions to
provide sufficient resting intervals for the participant. If necessary, the effects of fatigue
could be readily included in our model by linearly scaling the FO with simulation time
[252]. Another limitation referred to the fact that a same musculotendon type was
considered for all the fifteen musculotendons with EMG data. However, there were several
musculotendon types in the upper extremity, including fast and slow twitch muscles [203].
Considering the musculotendon types required individualizing more parameters for each
muscle, which was not feasible. Another limitation was that only two activities were
considered. This imposed certain limitations ahead of generalizing our results. Future
applications of the model should consider more activities, including activities of daily
living (ADL). This could provide useful information about normal loading conditions
of the GH joint. Provided this, specific activities could be pre/proscribed for specific
shoulder pathologies.
In conclusion, we verified that the EALS better predicted muscle co-contractions in an
upper extremity musculoskeletal model. It predicted co-contractions by incorporating fif-
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teen EMG-based muscles forces obtained from a musculotendon model. The incorporation
of the EMG-based muscles forces shrank the feasible set of the EALS and therefore more
co-contractions could be predicted comparing to the SLS. The JRF predictions better
matched in vivo measurements. This conclusion should be confirmed with movements of
daily living and could be applied to answer clinical related questions, such as treatment
and rehabilitation of GH joint osteoarthritis.
Appendix: Muscles forces
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7 Conclusions
7.1 Summary
The aim of this thesis was to extend an existing shoulder musculoskeletal model [19]
for patient-specific clinical applications. To this end, number of improvements were
considered that were detailed in chapters 2 to 6.
The elbow and the muscle groups spanning it were included in the shoulder model.
The bone morphologies of the ulna and the radius and muscles origins/insertions were
obtained from MRI scans. The elbow was modeled using two non-perpendicular hinge
joints. Two DOFs for flexion/extension and pronation/supination were considered.
Scaling routines were developed to scale model’s bone segment inertial properties,
skeletal morphologies, and muscles architectures according to any specific subjects. The
model was also presented as a Matlab toolbox with a graphical user interface. The
effects of anthropometric parameters, including subject’s gender, height, weight, glenoid
inclination, and degenerations of rotator cuff muscles on the glenohumeral (GH) joint
reaction force (JRF) predictions were evaluated.
A framework was developed that allowed forward-dynamics simulation of the model.
Six DOFs were considered for the GH joint, including its translations and rotations.
A deformable articular contact was included in the framework defining the GH joint
contact force in terms of the joint rotations and translations. The framework provided a
straightforward solution for estimations of the humeral head translations (HHT).
Videogrammetry-based measured motions of the upper extremity were reconstructed
in the absence of scapula kinematics measurement-devices. A method was developed
that estimated the GH joint center and consequently scapula configurations based on
trajectories of few markers and an MRI scan of each subject’s glenohumeral joint. Multi-
segment optimization was used to reconstruct the measured activities that was completed
by the developed estimation method.
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An initialization technique was developed for a Hill-type musculotendon model by
performing singular perturbation analysis. It provided initial conditions for the developed
Hill-type model such that the resulting force reproductions were devoid of artificial
transients.
The standard load-sharing (SLS) scheme of the model was modified such that measured
electromyography (EMG) data could be incorporated in the model. It was hypothesized
that inclusions of the measured EMG could improve model predictions of muscle co-
contractions and consequently its JRF predictions. The hypothesis was confirmed by
evaluating the modified load-sharing (EALS) during measured activities.
7.2 General discussion
Several studies reported the importance of the elbow on shoulder kinematics, e.g. [42, 69].
Biceps and triceps were shown to play a crucial role in the stability of the GH joint
[67, 73]. However, given the complex multiple DOF kinematics of the elbow, there was
no consensus in the literature concerning its modeling [50, 69]. Variety of approaches
existed from very simplistic cardanic joints [74] to complex closed-kinematic chains [83].
A majority of the available shoulder musculoskeletal models [12–14, 17, 46, 47] followed
the ISB recommendations for modeling the elbow [201]. Therefore, they only considered
a single segment for both the ulna and the radius. Furthermore, ISB recommendations
for the elbow bone-fixed frame resulted in non-physiological configurations of the forearm
relative to humerus [202]. In this thesis both the ulna and the radius were considered to
model the elbow. This was shown to help better represent the elbow and the interplay
between the ulna and the radius [80]. Reference configurations were also defined in this
thesis. Therefore, inherent alignment of the ulna and the radius bone-fixed frames were
not required, despite the ISB recommendations.
Indeed, a few numbers of the available shoulder musculoskeletal models allow scaling
the models to any specific subjects, e.g. [42, 210, 211]. Body segments inertial properties
(BSIP) were commonly scaled using predictive equations [89–91]. However, these predictive
equations required further adjustments to accurately scale BSIP in the 3D space. In
this thesis predictive equations of [93, 94] were used which were adjusted by [95] to
provide 3D applicable predictive equations to scale BSIP. Skeletal morphologies were
commonly scaled using isotropic scaling factors [16, 42, 97] in order to avoid infeasible
kinematics [96]. However, this implied an unrealistic uniform scaling between different
individuals [89]. In this thesis, infeasible kinematics were linked to the scaling of the
ribcage ellipsoids. Therefore, a method was developed to scale the ribcage ellipsoids
that provided consistent positions of the scapula with respect to the thorax. It allowed
applications of anisotropic scaling factors and also having feasible kinematics. Several
studies reported the effects of glenoid inclination/version on model force predictions
and joint translations [64, 101, 193, 200]. However, the available models did not allow
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adapting them to specific subjects. A method was developed in this thesis adapting the
glenoid inclination/version to specific subjects. The effects of these adaptations were
shown to be considerable, specially during lower degrees of arm abductions. Scaling the
wrapping objects was not addressed at least explicitly in the available models. However,
the wrapping objects could considerably alter muscle moment arms and model force
predictions [111, 112]. Therefore, the wrapping objects were also scaled using anisotropic
scaling factors in this thesis. The body mass index (BMI) [115] was commonly used to
scale muscles physiological cross section areas (PCSA) [42]. But, direct association of
the BMI to PCSA was arguable [116]. Therefore, in this thesis a predictive equation
[117] was used that defined muscle percentage of the body composition. The developed
scaled-generic model was evaluated by investigating the effects of subject’s gender, height,
weight, glenoid inclination, and PCSAs of rotator cuff muscles on the JRF predictions.
This typically required participants with different anthropometric parameters [88]. For
instance, to evaluate the effect of height, several participants with different heights but
ideally same weights were required [86]. Their kinematics must be first recorded and
then models would be used to predict JRFs. This procedure might be lengthly and
expensive. Its outcome might also be subject to uncertainties associating to kinematic
measurements. However, a strength of the model developed in this thesis was that it
allowed performing the parameter study, while no participants was required. Because,
the model could numerically produce the kinematics associated to each virtual subject
considered [100].
The model was developed as a Matlab toolbox with a graphical user interface (GUI).
The GUI would facilitate its clinical applications by exempting users from further pro-
grammings. To the best of my knowledge, this is the first and the only available Matlab
toolbox for shoulder and elbow musculoskeletal modeling.
The framework developed in this thesis provided a straightforward solution for estima-
tion of the HHT. It allowed forward-dynamics simulation of the model and considered
a deformable articular contact between the humeral head and the glenoid fossa. It
allowed solving the differential equations of motion of the model with a six DOF GH
joint. Therefore, the dynamic effects of motion were naturally included in the translations
predicted. The first and second derivatives of the translational DOFs were neglected in
the previous studies (e.g. [119, 122, 124]) in order to transform the differential equations
of motion to a set of algebraic equations. The deformable articular contact was developed
by considering a viscoelastic contact model. This was more physiologically consistent
comparing to an elastic potential function used in [135]. The elastic potential function
did not account for the moment applied on the humerus due to the articular contact. The
developed framework incorporated a representation of the cartilage contact mechanics
into the musculoskeletal model. It therefore provided an integrated solution to study the
relationship between joint kinematics, muscle forces, and cartilage stress. Indeed, the
common approach in the literature consists of two steps. First a musculoskeletal model
is used to define the rotational joint kinematics as well as the muscle forces. Then, a
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finite element analysis is performed to define the translational joint kinematics and the
cartilage stress [119, 121, 124, 125].
The common approach in the literature for motion reconstructions using videogram-
metry systems requires scapula kinematics measurement-devices (SKMD) [91]. The
SKMD defines the scapula kinematics from which the GH joint center would be estimated
using either formal methods [144–149] or predictive methods [150, 151, 153]. However,
applications of SKMD are neither straightforward [154] nor always noninvasive [157].
Therefore, in this thesis an inverse approach comparing to the common approach was used.
A method was proposed to provide estimations of the GH joint center. Then, the scapula
configurations would be obtained based on the resulting GH joint center estimations.
This facilitated motion reconstructions in the upper extremity by lifting the dependency
on SKMD. Indeed, there existed a predictive method [152] that allowed estimations of the
GH joint center independent of the scapula configurations. However, its accuracy dropped
significantly during arm motions [147, 152]. Given that the developed method in this
thesis accounted for the soft tissue artifacts, it provided practical predictions throughout
the arm motion.
The multi-segment optimization was solved for joints angles in each frame of the
measured data. Therefore, there was no guarantee that the resulting joints angles
were continuous. Continuity of the resulting joints angles is an essential attribute if
they are going to be used in inverse dynamics for muscle force predictions [193, 234].
Therefore, the resulting joints angles are commonly smoothened by fitting continuous
curves (often polynomials) [50, 142]. The downside of this approach is that the resulting
continuous curves might not satisfy the kinematic constraints of the forward kinematic
map. Therefore, I examined an alternative approach to directly define continuous joints
angles, while they were satisfying the kinematic constraints of the forward kinematic
map. I first parametrized the joints angles by continuous functions (8th degree piecewise
polynomials). Then, the multi-segment optimization was solved to define the unknown
coefficients of these continuous polynomials. The primary results showed that the method
resulted in continuous polynomials that satisfied the kinematic constraints. However, the
inter-sample behavior of the resulting joints angles (the behavior between two consequent
data frame) was not acceptable. Furthermore, the method was computationally inefficient
even for very simple trajectories. Although I did not succeed in bringing this approach to
practice, further exploration of this method is required for a definite conclusion regarding
its performance.
Indeed, a few initialization techniques existed for Hill-type musculotendon models
[180, 184]. However, their provided initializations were subject to singularities of the
relative stiffness of muscle fibers and tendons. Furthermore, they might lack biophysical
correspondence [178]. The initialization technique developed in this thesis was devoid of
numerical singularities. It also possessed biophysical correspondence, given that no extra
assumptions was considered in its development. It reproduced forces that were in an
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excellent agreement with the in vivo measurements [183]. The normalized functions used
to develop the Hill-type model were obtained by fitting smooth curves to a large data
set of experimental data reported by [7, 170, 173, 178, 182, 183, 237–244]. Provided this
and given the rigorous mathematical formulations used, the developed model could be
regenerated by others. Although, Hill-type models were extensively used in simulations
of coordinated movements [21, 43], their rigorous mathematical representations are rare
in the literature.
Few studies investigated effects of inclusions of EMG data on muscle co-contractions
in the upper extremity [43, 188, 196–198]. However, the relationship between predicted
muscle forces and measured EMG data was over-simplified [188, 196–198]. This devi-
ated from the nonlinear dynamical behavior of musculotendons [170]. The net moments
produced by direct applications of measured EMG also failed to satisfy the equilibrium
equations [188, 196, 197]. Therefore, the predicted co-contractions might lack a phys-
iological correspondence. In contrast to these studies, the developed EALS scheme of
this thesis used the musculotendon model that was separately validated in Chapter 5.
The equilibrium equations were also naturally satisfied by solving the developed EALS
scheme. I showed that inclusions of the EMG data would improve predictions of muscle
co-contractions. The EMG-based muscle forces used as upper/lower bounds shrank the
feasible set of the EALS. Therefore, EALS would have to find the optimal solution in
a smaller set of possible muscle forces. The more this feasible set was shrunk the more
accurate the muscle co-contractions would be predicted. The EMG data of fifteen muscles
were used in the developed EALS, while the maximum reported number was four [43].
There were two main constraints against thorough validations of the model. First,
access to golden validation standards [28] was not granted during this thesis. For instance,
the shoulder instrumented prosthesis (IP) [199] was commonly considered as a golden
standard for JRF validation. The JRF data from IP were available online for several
activities. A rigorous validation of the model JRF required not only the JRF but also at
least the associated kinematics and EMG data of the patients. The associated kinematics
and EMG data would be used to reproduce the JRF through inverse-dynamics. Further
information about the IP patients such as their BSIP, muscles architectures, glenoid
inclination/version, and skeletal morphologies would improve the rigor of the validation.
Despite the lack of access to the golden validation standards, several attempts were made
in this thesis to directly or indirectly validate the model itself and its subsystems. For
instance, in Chapter 3, the JRF predictions during abduction in the scapula plane was
compared to previous numerical studies and IP measurements [199]. The same approach
was used for the resulting HHT. The golden standard for HHT was a 3D tracking of the
GH joint center using biplane X-ray images [8]. In Chapter 4, the scapula kinematics
were compared to in vivo measurements [138, 139] during slow abduction in the frontal
plane. The scapula kinematics were well-known to have considerable effects on the JRF
and HHT [98]. The golden standard for tracking the scapula was a transcortical pin
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placed into the scapula [139]. The musculotendon model as a subsystem of the model
was also validated against in vivo measurements [183] by reproducing experimentally
measured forces. The JRF predictions associating to abduction and forward flexion with
2 kg weight in hand were also compared to IP measurements [199] in Chapter 6.
Second, there were either limitations concerning the available golden validation standards
or it was a lack of validation standard in the literature. For instance, the post-surgery
patients of IP had compromised motions due to pain, and their musculotendon and joint
structure were impaired due to the invasive surgery. Therefore, their joint kinematics
and mechanics were expected to be different than the healthy subject of the model.
Furthermore, the accuracy of the biplane X-ray images for measuring the HHT was
limited by the inaccuracies of its image processing algorithms. On the other hand, given
that it was not possible to measure the muscle forces non-invasively, there was a lack of
validation standard for muscle force predictions [185]. In these situations, applications of
parameter studies and sensitivity analyses were justified to verify the model. In Chapter
1, I indirectly verified the model by evaluating the effects of subject specific parameters,
including gender, height, and weight. In Chapter 4, the sensitivities of the joint angle
predictions to variations in measured trajectories were analyzed.
7.3 Perspectives
Model validations: The developed model provided useful predictions of muscles forces,
JRF, and HHT. However, the main barrier ahead of its wide spread clinical applications
was the lack of rigorous and comprehensive validation. This could be an important
direction for future improvement. Profound sensitivity analyses could also help evaluate
the model. They quantify effects of different model parameters on the model outcomes
[207]. For instance, the developed EALS used five musculotendon parameters for each of
the fifteen muscles with EMG data. The parameters were set according to the literature
[203]. A sensitivity analysis could evaluate effects of these parameters and specify the most
influential ones. Provided this, more attention could be paid to measure and personalize
the most influential parameters [257], if they also had high variabilities.
Model evaluations: Three movements were considered throughout this thesis, includ-
ing abductions in the scapula and frontal planes and forward flexion in the sagittal plane.
However, evaluations of more movements would be fruitful at least in two ways. First, it
would help verify the behavior of the model and its subsystems during other movements.
For instance, the muscles paths were verified visually during the three movements consid-
ered. This would be necessary for other activities in order to avoid unexpected surprises
during possible clinical applications of the model. Second, evaluations of the model during
different movements, including activities of daily living could provide a useful database
on the joint kinematics and kinetics [258]. Provided this, specific movements could be
pre/proscribed for specific shoulder pathologies. This would therefore open a door toward
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improving subject-specific rehabilitation techniques [259]. On the other hand, only one
subject was considered in this thesis. More subjects would be required to evaluate the
model predictions, specially its ability to replicate inter-individual variabilities.
Ambulatory motion reconstructions: A viodegrammetry system that tracked
skin-fixed markers was used for motion reconstructions. However, there were limitations
concerning clinical applications of videogrammetry systems. For instance, they were in
general costly and complex. It was also too cumbersome to set up them in small areas,
such as a therapist’s office. Given the dependency of the model on kinematics data [92],
its clinical applications would require an ambulatory approach for motion tracking. To
this end, a method that did not require measured data was included in the model [100].
Given that it required several trial and errors to replicate a motion, it would not be
clinically practical. Inertial and magnetic measurement systems were recently used for
motion tracking in the upper extremity [260]. They did not have the recurrent limitations
of the videogrammetry sytsems. Therefore, they could be diffused with the developed
kinematic model to reconstruct the motion in more ambulatory settings.
Clinical applications: A major limitation concerning clinical applications of the
model was that only one healthy subject was considered. Future applications of the
model should include a higher number of subjects including healthy and with shoulder
pathologies. The initial steps toward this direction were taken. Cohort of patients
from pre/post operative total shoulder arthroplasty was collected [205]. The developed
EMG-assisted scaled-generic model could be adapted to these subjects to predict muscle
and joint forces. The outcome could be translated for answering clinical questions for
improving treatment and rehabilitation techniques of GH joint osteoarthritis [62, 137].
Goal-directed simulations: An important direction for future developments would
be goal-directed simulations of the model. In goal-directed simulations, trajectories or
initial and final positions of the hand as the upper extremity end-effector are used as the
model inputs. Muscle activation patterns are the model outputs. It would require an
inverse-kinematics formulation to calculate optimal joints angles for given trajectories
of the hand. Given the kinematic redundancy of the upper extremity, this would be
a challenging task [261]. It would also require forward-dynamics simulations to define
for instance time optimal and physiological muscle activations pattern. Although, a
forward-dynamics framework was developed in Chapter 3, further developments would be
required to incorporate it in goal-directed simulations. The developed forward-dynamics
framework was based on inversion control. Given that the inertial matrix of the system
might become ill-conditioned, inversion control would result in unreasonable muscle
activation patterns [262]. Furthermore, the musculotendon dynamics were not considered
in the developed forward-dynamics framework. Inclusion of the musculotendon dynamics
would transform the optimal load-sharing to a dynamic optimization problem [263].
Given that solving dynamics optimization problem would require several times integration
of the systems’s equations of motion [264], it would therefore become immediately
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computationally demanding [218]. Nevertheless, goal-directed simulations of the upper
extremity musculoskeletal models would open a new door toward their cross-disciplinary
applications. For instance, they could be used for systematically calculating muscle
activation patterns for upper extremity exoskeletons and neuroprosthetic systems [47].
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